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Acceleration of Hardware Testing and Validation Algorithonsing
Graphics Processing Units

Min Li

(ABSTRACT)

With the advances of very large scale integration (VLSIhtesogy, the feature size has been
shrinking steadily together with the increase in the desmnplexity of logic circuits. As a result,
the efforts taken for designing, testing, and debuggingaligystems have increased tremendously.
Although the electronic design automation (EDA) algorithinave been studied extensively to ac-
celerate such processes, some computational intensilieamms still take long execution times.
This is especially the case for testing and validation. treoto meet the time-to-market constraints
and also to come up with a bug-free design or product, the wakented in this dissertation stud-
ies the acceleration of EDA algorithms on Graphics Proogseinits (GPUs). This dissertation
concentrates on a subset of EDA algorithms related to tesitial validation. In particular, within
the area of testing, fault simulation, diagnostic simolatind reliability analysis are explored. We
also investigated the approaches to parallelize statégasion on GPUs, which is one of the most

difficult problems in the validation area.

Firstly, we present an efficient parallel fault simulatoifiGF, which exploits the high degree
of parallelism supported by a state-of-the-art graphiacessing unit (GPU) with the NVIDIA
Compute Unified Device Architecture (CUDA). A novel threieseénsional parallel fault simu-
lation technique is proposed to achieve extremely high adatpn efficiency on the GPU. The
experimental results demonstrate a speedup of upxt@@mpared to another GPU-based fault

simulator.

Then, another GPU based simulator is used to tackle an eves computation-intensive task,
diagnostic fault simulation. The simulator is based on a-$tage framework which exploits
high computation efficiency on the GPU. We introduce a faalt pased approach to alleviate

the limited memory capacity on GPUs. Also, multi-faulttsagure and dynamic load balancing



techniques are introduced for the best usage of computsoyrees on-board.

With continuously feature size scaling and advent of intiweanano-scale devices, the reliability
analysis of the digital systems becomes more important days& However, the computational
cost to accurately analyze a large digital system is verja.hifye proposes an high performance
reliability analysis tool on GPUs. To achieve high memomdaidth on GPUs, two algorithms for

simulation scheduling and memory arrangement are propdagaerimental results demonstrate

that the parallel analysis tool is efficient, reliable andlable.

In the area of design validation, we investigate statefjoation. By employing the swarm intelli-
gence and the power of parallelism on GPUs, we are able toegiig find a trace that could help

us reach the corner cases during the validation of a digitém.

In summary, the work presented in this dissertation dematest that several applications in the
area of digital design testing and validation can be sufgigsearchitected to achieve maximal
performance on GPUs and obtain significant speedups. Thmwged algorithms based on GPU
parallelism collectively aim to contribute to improvingetperformance of EDA tools in Computer

aided design (CAD) community on GPUs and other many-cortéopias.

This work is supported in part by NSF grants 0840936 and 10366
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Chapter 1

Introduction

According to Moore’s law [64], the feature size for manufactg semiconductors is shrinking
while the complexity of the logic design is increasing expotnally. These advances have brought
about challenges in ensuring that the products are freegs dnd defects. Various kinds of bugs

and defects may exist in digital designs as well as fabriteltéps that are hard to detect.

With larger and more complex chips, there is a tremendoud faeefficient Electronic Design

Automation (EDA) tools that can scale to handle them. Howewere recently, the improvement
in the performance of general-purpose single-core procgs$ms diminished due to the fact that
improvementin operating frequencies has stalled andduiradditional gains from further exploits
from instruction-level parallelism. Hence, researchesiavestigating multi-core platforms that

could parallelize the algorithms for Computer Aided DegiGAD).

In this dissertation, we concentrate on a specific architedor parallelizing test and validation
algorithms. The architecture chosen is the state-of-therany-core system, Graphics Process-
ing Units (GPUs). We have parallelized four algorithms ie testing and validation domains,
namely logic fault simulation, diagnostic fault simulatjaeliability analysis and state justifica-
tion with modified Ant Colony Optimization (ACO) on GPUs. OGPU-based implementations

could achieve more than one magnitude speed-up againstpattedlel and sequential heuristics.
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1.1 Problem Scope and Motivation

1.1.1 Digital Circuit Testing

Testing of a digital system is a process in which the systeemeéscised and its resulting response
is analyzed to ascertain whether it behaved correctly [2].this dissertationtestingrefers to
manufacture testingvhich is a methodology to screen and identityysical defectin Integrated

Chips (ICs).

Physical defecténclude fabrication errors, defects injected, and prosesmtions. The design
errors which are directly attributable to human error areinoluded here. The effects of the
physical defects on the operation of the system are reprexbes logical faults in the context of
fault model In the past, the physical defects in integrated circuitseeHaeen studied and several
fault models are proposed including stuck-at faults, bnddaults, transition faults and path-delay
faults [18, 89, 95]. It is widely accepted in both industryglaacademia that test patterns generated
usingsingle stuck-at faul{SSF) model can help in detecting several arbitrary defé&is Thus,
the algorithms proposed in the dissertation assume sigtk-sit fault model. Generallyest
patterns which are sets of pre-designed stimuli, are applied to tlmeagry inputs (PIs) and pseudo
primary inputs (PPIs) of the chip. Then, the correspondagponses, calletdst responseare
observed at the primary outputs (POs) and pseudo primaputau{PPOs). We could conclude
that the circuit-under-testing (CUT) is defective if theperted and observed output values are
different. In other words, a fault is detected when the raspmf the faulty-circuit differs from the
expected response of the fault-free circuit. The processntpute the response of the CUT in the
presence of faults is callgdult simulation It is an important procedure to evaluate the quality of
the test patterns. Also, fault simulation is an essentidlipghe Automatic Test Pattern Generation
(ATPG). One of the important metrics given by fault simwatisfault coveragewhich evaluates
the effectiveness, or the quality, of a test. It is definedhasratio between the number of faults

detected and the total number of modeled faults in the CUT.

If incorrect behavior is detected, the next goal of a tesérgeriment is taliagnose or locate,
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the cause of the misbehavidrault diagnosis a process of locating defects in a defective chip,
plays an important role in today’s very-large-scale intégd (VLSI) circuits. Finding the cause
of the fault could help to improve the yield of the chips. Fociecuit-under-diagnosis (CUD)
in the presence of modeled faults, the process of evaludiegnostic capability of the given
test patterns is called diagnostic fault simulation. Iniioid to measuring diagnostic capability,
diagnostic simulators can also help to accelerate aut@huzgnostic pattern generation (ADPG).
The diagnostic capability could be evaluated by severalsomes such adiagnostic resolution
(DR), the fraction of fault pairs distinguished, adéagnostic power (DR)the fraction of fully
distinguishable faults [17].

Besides checking and locating the defects in a chip, an ateueliability evaluation is also an
essential part with continuous scaling of CMOS technol®psearchers believe that the probabil-
ity of error due to manufacturing defects, process vamataging and transient faults will sharply
increase due to rapidly diminishing feature sizes and cerfalbrication processes [45, 63, 100,
13, 14]. Thereforereliability analysis a process of evaluating the effects of errors due to both
intrinsic noise and external transients will play an impattrole for nano-scale circuits. However,
reliability analysis is computationally complex becaukthe exponential number of combinations
and correlations in possible gate failures, and their pgapan and interaction at multiple primary
outputs. Hence, itis necessary to have an efficient reiigbihalysis tool which is accurate, robust

and scalable with design size and complexity.

1.1.2 Digital Design Validation

Design validation is the process of ensuring if a given imm@atation adheres to its specification.
In today’s design cycle, more than 70% of the resources neée @allocated to validation [25,
85]. However, the complexity of modern chip designs haddiesl the ability of the validation
techniques and methodologies. Traditional validatiohmégues use simulators with random test
vectors to validate the design. However, the coverage afoergenerated patterns is usually very

low due to the corner cases which are hard to reach. In ansitier mathematical models and
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analysis are employed for formal verification. It is callédrinal” because these techniques can
guarantee that no corner cases will be missed. Usually,doverification methods are complete
because they perform an implicit and complete search orhalpbssible scenarios. However,
formal verification encounters the problemsbate explosiodue to the increasing number of state
variables. With the significantly increasing number ofstedriables, explicitly traversing all the

states cannot scale to current industrial size designs.

A key problem in the field is to decide whether a set of targatest can be reached from a set
of initial states, and if so, to compute a trajectory to destate it. We call this process atate
justification The complexity of current designs makes it hard to genegtietive vectors for
covering corner cases. An example corner case is a haehtitistate needed to detect a fault or
prove a property. Despite the advances made over the ygats justificatiorremains to be one

of the hardest tasks in sequential ATPG and design validatio

Deterministic approaches based on branch-and-boundhspgdrc40] in sequential ATPGs work
well for small circuits, but they quickly become intractalvhen faced with large designs. Some
approaches from formal verification have been proposed asislgmbolic/bounded model check-
ing [16, 12]. Essentially formal methods compute the cotgaleachability information, usually in

a depth-first fashion, for the circuit under test. Althougege aforementioned methods are capa-
ble of analyzingall hard-to-reach states in theory, they are not scalable kietétve complexity of
state-of-the-art designs. Simulation-based technidql&s35], on the other hand, have advantages
in handling large design sizes and avoids backtracking wiaédating a number of target states.
However, they cannot justify some corner cases in complsigds. While simulation-based meth-
ods have been widely used for design validation in industiey i its scalability, researchers have
been exploring semi-formal techniques which hold potéiiaeaching hard corner cases at an
acceptable cost for complex designs [99, 90, 68, 34, 78]. Agrtbese, the abstraction-guided
simulation is one of the most promising techniques which &ipplies formal methods to abstract
the design. Abstraction, in a nutshell, removes certaitiquus of the design to simplify the model,

so that the cost of subsequent analysis can be reduced.
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1.1.3 Parallel Computing with Processing Graphics Units

One of the dominant trends in microprocessor architectun@gent years has been continually
increasing chip-level parallelism. Modern platforms sashmulti-core CPUs with 2 to 4 scalar
cores, are offering significant computing power. It is ireded that the trend towards increasing
parallelism will continue on towardshany-corechips that provide far higher degrees of paral-
lelism. One promising platform in the many-core family ig Braphic Processing unit€&GPUSs),
which are designed to operate in a Single-Instruction-MigtData (SIMD) fashion. Nowadays,
GPUs are being actively explored for general purpose coatiputs [33, 60, 74]. The rapid in-
crease in the number and diversity of scientific communéiggoring the computational power of
GPUs for their data intensive algorithms has arguably hamh&itution in encouraging GPU man-
ufacturers to design easily programmable general purpé3¢sGGPGPUs). GPU architectures
have been continuously evolving towards higher perforraglacger memory sizes, larger memory
bandwidths and relatively lower costs. Also, the EDA comityuis investigating the approaches

to accelerate some computationally intensive algorithm&BUs [38, 21, 39, 20, 47, 54, 56].

1.2 Contributions of the Dissertation

The electronic design automation (EDA) fields collectivebe a diverse set of software algorithms
and tools, which are required to design complex next geioeratectronics products. The increase
in VLSI design complexity poses a challenge to the EDA comityusince single-threaded per-
formance is not scaling effectively due to reasons mentiai®ove. Parallel hardware presents
an opportunity to tackle this dilemma, and opens up new desigomation opportunities which
yield orders of magnitude faster algorithms. In this diks@n, we investigate a state-of-the-art
hardware platform, many-core architecture, especiallystibreaming processors such as Graphics

Processing Units are studied.

We first proposed FSimGPan efficient fault simulator with GPGPU. In this work, a nbwetion

of compact gate fault is introduced to achieve fault-patisin on GPUs. In other words, we could
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simulate multiple single faults concurrently. Also, pattand block-parallelism are also exploited
by FSIimGP. Therefore, the proposed three dimensional parallelisnidamke advantage of the
high computational power of GPUs. A novel memory architextg introduced to improve the
memory bandwidth during simulation. As a result, we achdev®re than one magnitude speed-

up against the state-of-the-art fault simulator on coreeal processors and GPUSs.

Next, we implemented a high-performance GPU based Diagrfasit Simulator, called GDSim.
To the best of our knowledge, this work is the first that acegés diagnostic fault simulation on a
GPU platform. We introduced a two-stage simulation framwto efficiently utilize the compu-
tation power of the GPU without exceeding its memory limdat First, a fault simulation kernel
is launched to determine the detectability of each faulenTthe detected faults are distinguished
by the fault pair based diagnostic simulation kernel. Bankls are parallelized on the GPU ar-
chitecture. In the simulation kernel, multi-fault-signeg (MFS) is proposed to facilitate fault pair
list generation. MFSs can be obtained directly from thelprfault simulator, FSimGP, without
introducing any computational overhead. By clever sebectf the size of the MFS, GDSim is
able to reduce the number of fault pairs by 66%. The faultipased diagnostic simulation kernel
exploits both fault pair- and pattern- parallelism, whidlows for efficient utilization of memory
bandwidth and massive data parallelism on GPUs. Also, dimbrad balancing is introduced to

guarantee an even workload onto each processing elements.

Besides fault simulation and diagnosis, we introduced aciefit parallel tool for reliability anal-
ysis of logic circuits. It is a fault injection based parébB¢ochastic simulator implemented on a
state-of-the-art GPU. A two-stage simulation frameworkrigposed to exploit the high compu-
tation efficiency of GPUs. We could achieve high memory arstrirment bandwidth with novel
algorithms for simulation scheduling and memory managentetperimental results demonstrate
the accuracy and performance of RAG. A speedup of up to<7881 47% (with average speedup
of 353.24x and 116.04) is achieved compared to two state-of-the-art CPU-basprbaphes for

reliability analysis.

In the area of design validation, we presented a novel ghraltistraction-guided state justifica-
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tion tool using GPUs. A probabilistic state transition miolbl@sed on Ant Colony Optimization
(ACO) [30, 32] is developed to help formulate the state ficsttion problem as a searching scheme
of artificial ants. More ants allow us to explore a larger skapace, while parallel simulation on
GPUs allows us to reduce execution costs. Experimentaltsedemonstrate that our approach is

superior in reaching hard-to-reach states in sequent@litcompared to other methods.

It is noted that we applied GPU-oriented performance ogitnon strategies on all our works to
ensure a maximal speedup. Global memory accesses areasmhtesachieve maximum memory
bandwidth. The maximum instruction bandwidth is obtaingatoiding branch divergence. Our

tools also take advantage of the inherent bit-paralleliSlagic operations on computer words.

1.2.1 Publications
The publications regarding this dissertation are listddvee

e [57] Min Li and Michael S. Hsiao, “RAG: An efficient reliabtlf analysis of logic circuits
on graphics processing units,” in Proceedings of the IEEEBigeAutomation and Test in
Europe Conference, March 2012, pp. 316-319.

e [52] Min Li, Kelson Gent and Michael S. Hsiao, “Utilizing GRR&Js for design validation
with a modified ant colony optimization,” in Proceedings lbé tEEE High Level Design

Validation and Test Workshop, November 2011, pp. 128-135.

e [55] Min Li, Michael S. Hsiao, “3-D parallel fault simulatiowith GPGPU,” in IEEE Trans-
actions on Computer-Aided Design of Integrated Circuitd &ystems, vol. 30, no. 10,

October 2011, pp. 1545-1555.

e [56] Min Li, Michael S. Hsiao, “High-performance diagnasfault simulation on GPUS,”".

in Proceedings of the IEEE European Test Symposium, May,2i1.1210.

e [54] Min Li, Michael S. Hsiao, “FSImGP. an efficient fault simulator with GPGPU,” in
Proceedings of the IEEE Asian Test Symposium, December, 2l 115-20.
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e [53] Min Li, Michael S. Hsiao, “An ant colony optimizationd¢anique for abstraction-guided

state justification,” in Proceedings of the IEEE InternatibTest Conference, November

2009, pp. 1-10.

Other research products that were indirectly related atedibelow:

e Min Li, Kelson Gent, and Michael S. Hsiao, “Design validatiof RTL circuits using evo-
lutionary swarm intelligence,” to appear in ProceedingtheflEEE International Test Con-

ference, November, 2012.

e [58] Min Li, Yexin Zheng, Michael S. Hsiao, and Chao HuanggetRrsible logic synthesis
through ant colony optimization,” in Proceedings of the EEBesign Automation and Test

in Europe Conference, April 2010, pp. 307-310.

1.3 Dissertation Organization
This dissertation is organized according to the areadridited in Fig. 1.1.

1. Chapter 2 introduces the fundamentals of Graphic Progeghits, including its hardware
architecture, memory hierarchy, and programming enviammMeanwhile, the fault model

used in our work and basic knowledge of fault simulation soadresented.

2. Chapter 3 discusses the implementation of fault simadatin GPUs. The novel three-
dimensional parallelism on the GPUs is presented. We detmada@she improvement achieved
by exploiting compact gate and GPU oriented optimizatioraddition, a dynamic load bal-

ancing technique is introduced for further performanceroupment.

3. Chapter 4 presents a two-step framework for the paraisgnostic fault simulation on
GPUs. We demonstrate that the fault pair based fault didgnsisnulation could be effi-

ciently parallelized on GPUs. Also, we propose a novel idemuwltiple fault signatures
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which help group the single faults into fault pairs whilerogducing few overhead during

Chapter 1. Introduction

Topics

Chapter 1
Introduction

Chapters

A J

Chapter 2
Background

Logic Design
Testing

Logic Design
Validation

Chapter 3 Chapter 4 Chapter 5 Chapter 6
Parallel Fault Parallel Fault Parallel Reliability Parallel Design Validation
Simulator Diagnostic Simulator Analysis with a Modified ACO
Y,
Chapter 7
Conclusion

Figure 1.1: Organization of the dissertation.

parallel fault simulation.

4. Chapter 5 investigates the reliability analysis for togjrcuits. One of the most challenging
issue when porting this application to GPUs is the memorjtdition on-board. Two algo-

rithms for memory compression and simulation schedulirgiatroduced to improve the

memory usage so as to achieve high throughput on GPUs.

5. Chapter 6 explores the swarm intelligence, particulasing ant colony optimization (ACO)

to guide the search for target states. We also parallelizeshéh GPUs and achieve signifi-

cant speed-up against the applications on CPUs.
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6. Chapter 7 concludes the dissertation. It summarizesnitialiattempts for accelerating
applications in two major EDA areas: digital design testmgl Validation using the state-

of-the-art many-core system, graphics processing units.



Chapter 2

Background

In this chapter, we present the hardware platform we usedrimgplementation, which is NVIDIA
GeForce 285 GTX device. The hardware architecture, memergiichy and programming model
will be described in order to provide the background of GPatfpkm. Also, the concepts related

to logic system testing and validation are introduced.

2.1 Graphic Processing Units

Back in 1999, the notion of GPU was defined and popularizedW\DINA. The unit was designed
as a specialized chip to accelerate the building of imagedifplay. As displays became more
complex and demanding, the GPU evolved rapidly from a stogle processor to today’s many-
core architecture which is capable of processing milliognsalygons per second. This is because
most of the graphical display manipulation tasks such astoam, lighting and rendering, can be
performed independently on different regions of the digpla other words, the same instruction
can simultaneously operate on multiple independent dakeerefore, GPUs were designed as a

parallel system in a Single Instruction Multiple Data (SIM@ashion.

Recently, GPUs have emerged as an attractive and effedsitfenon for parallel processing, espe-

11
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cially for those data-intensive applications. With enhethprogrammability and higher precision
arithmetic, this has coined the term “general purpose @sing using GPU (GPGPU).” [33, 60,
74, 81]. The popularity of GPGPU stems from the following.

1. Large dedicated graphics memories. Our NVIDIA GTX28%bia card is equipped with
1 GB DDR3 dedicated graphics memory. With large size of mé&spmore data could be

placed on the GPUs and intuitively higher levels of paratelcould be achieved.

2. High memory bandwidth. The reason that GPU is extremelynang intensive is because
that the dedicated graphics memories guaranteed a high mdraodwidth. The intercon-
nect between the memory and the GPU processors supportsigérpandwidth of up to
159.0 GB/s. While the conventional CPU is only 16 GB/s, whianslates to around 10

times slower.

3. High Computational power. With more than 200 hundred @ssmg units under a highly
pipelined and parallel architecture, GTX285 could achiaege than 1000 GFlops in single

precision.

4. Availability. GPUs card are available off-the-shelf a®s equipped in every desktops and

even laptops. And also, it is relatively inexpensive coesit its computational power.

Several years ago, the GPU was a fixed-function processmynaekfor a particular class of appli-
cations. Over the past few years, the GPU has evolved intavenfal programmable processor,
with application programming interface (APIs). One of thestpopular one is the Compute Uni-
fied Device Architecture (CUDA) provided by NVIDIA which afpacts away the hardware details
and makes the GPUs become accessible for computation likis CR2]. Also, CUDA provides

developers access to the virtual instruction set the memaBpPUs.

The interaction between the host (CPU) and the device (GRthe paradigm of CUDA is shown
in Figure 2.1. The right part is the device portion which dstssof a many-core GPU and the

dedicated memory on-board. GPUs can directly read and froiteits own memory. The graphics
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controller links with the host and the device. Before thentzhing of the GPU kernel, users need to
copy the processing data from the CPU’s memory to the GPUraong Once the computation on
the GPU is finished, the results are copied back. Also, the @Racts with the GPU by sending
instruction and fetching signals through the graphics roblet.

CPU GPU

Figure 2.1: The Interface between CPU and GPU.

2.1.1 Hardware Architecture

Figure 2.2 illustrates the architecture of NVIDIA GeForc&X5285 with 240 streaming-processor
(SP) cores evenly distributed over 30 streaming multipgsces (SMs) in ten independent pro-
cessing units called texture/processor clusters (TPC§MASs a unified graphics and computing
multiprocessor with a controller that fetches instrucsiand schedules them onto eight SPs that the
SM contains. Each SP has its own execution hardware clo¢ked 26 GHz. All eight SPs in one
SM run a copy of the same program, and in fact, they executsaime instruction synchronously.

Two special functional units (SFU) are implemented for reathtical functions.

2.1.2 Memory Hierarchy

The gray boxes in Figure 2.3 illustrate the on-chip memoeydrchy in CUDA architecture:



Min Li Chapter 2. Background 14

| Host CPU |

4( Host Interface

Texture Unit

Figure 2.2: NVIDIA hardware architecture.

e Shared memorgan be read/written from all SPs within the same SM. Every Skuipped
with a 16 KB on-chip share memory organized into 16 banks.c&the shared memory
access is provided by a low-latency interconnect netwotkwéen the SPs and the memory

banks, the shared memory is accessiblenaclock cycle.

e Global Memorycan be read/written from all SPs on the GPU device. This loifi-ocnemory
(or device memory) contains 1 GB of GDDR3 global memory withtancy of 300 to 400
cycles. While the device memory has a long latency, thecgotarect between the memory
and the GPU processors supports very high bandwidth of upad®1GB/s. To maximize the
global memory throughput, it is important to exploit the lesging mechanism (e.g., spatial
locality) such that the accesses to adjacent memory addrasthin neighboring SPs could

be combined into a single coalesced transaction.

e Local memory and registeesre used for register spill, stack frame, and addressafipde
rary variables. The total number of registers is 8 KB on edehvth low latency while

accessing local memory is slow because it resides in theel@evemory.
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Host CPU <—>| Global Memory |
Serial Serial Serial
Code 1 Code 2 Code 3 ._,| Consant Memory |
Parallel Parallel Time
Kernel A Kernel B ¢—>| Texture Memory |

Device
GPU

[Register | [Register | [ Register |

Block Block
(0,0) (1,0)

Block || Block || Block .
(0,0) (1,0) (2,0)
Block || Block || Block
(0,2) (1,2) (2,2)

Share Memory Share Memory
Block (0,0) Block (1,0)

Figure 2.3: NVIDIA CUDA architecture.

e Texture memoris bound to global memory and can provide both cache and somsesgsing
capabilities. It is a read-only cached memory shared byhallSPs in a SM. The cache

working set per multiprocessor is 8 KB.

2.1.3 Programming Model

NVIDIA provides CUDA as an programing interface to the GPWide. It is based on the C
programming language, with extensions to exploit the pelrsin of the GPU. As summarized in
Figure 2.2, the host CPU executes serial code as a genegabpr@and launchdsernelswhich are
CUDA functions (similar with C functions) executed on thel&Géevices. A set of paralleéhreads
on GPU runs the same kernel concurrently which follow the Biichitecture. The programmer
organizes these threads into a hierarchy of thi@dadksandgrids. The cooperative thread array
(CTA), also called a thread block in CUDA terminology, is ddbaof threads that can cooperate
by efficiently sharing data through some fast shared memmalysgnchronize their executions to
coordinate memory accesses. A block consists of 1 to 512dkreeach of which has a unique

thread ID (TID). Figure 2.3 shows a CUDA program executingeaes of two parallel kernels,
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KernelA and KernelB on a heterogeneous CPU-GPU system.ddigiure, KernelA executes on
the GPU as a grid of 6 blocks; KernelB executes on the GPU ad afgwo blocks, with 2 threads

instantiated per block.

Relevant to the GPU hardware architecture described inde2tl.1, one thread block could be
allocated to exactly one SM, while one SM executes up to dggaks concurrently, depending
on the demand for resources. When an MP is assigned to exauelter more thread blocks, the
controller splits and creates groups of parallel threatlsdaarps CUDA defines the terrwarp, a
group of32threads which are created, managed, scheduled and exeountadrently on the same
SM. Since the threads in a warp have the same instructioruggacschedule, such a processor
architecture is called single-instruction, multipleaad (SIMT). It is noted that threads in the same
warp can follow different instruction paths which is callechnch divergenceHowever, branch
divergence can drastically reduce the performance bedhesearp must serially execute each
branch path taken, thereby disabling those threads thatctren the same path. In other words,
only the threads that follow the same execution path candieegsed in parallel, while the disabled
threads must wait until all the threads converge back todheespath. Each warp will synchronize
all the threads as they converge back to the same path. Ous\&ohieve full efficiency because

all 32 threads of a warp always agree on their execution patiujhout the program.

2.1.4 Applications

Recent research shows that the GPU computing density irapriaster than the CPU [75]. It
has been shown that a massive array of GPU cores could offerdan of magnitude higher raw

computation power than the CPU.

Signal and image processing is the initial area that GPU argeted; FFT computation and matrix
manipulation for image rendering. With the advances of GRBsearchers also investigate the
filed of cryptography. Authors in [62] first implement an eiifict Advanced Encryption Standard
(AES) algorithms using CUDA. The developed solutions runtaif0 times faster than OpenSSL
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and in the same range of performance of existing hardwaredbiagplementations. Besides the
symmetric cryptography, asymmetric cryptography such®a Bnd DSA crypto-systems as well
as Elliptic Curve Cryptography (ECC) are studied in [92]. ingsNVIDIA 8800GTS graphics

card, they are able to compute 813 modular exponentiatiensgrond for RSA or DSA-based
systems with 1024 bit integers. Moreover, the design for BE€ the prime field even achieves

the throughput of 1412 point multiplications per second.

Like many other software communities, the networking atea aeeds an overhaul of computa-
tional power so as to keep pace with the ever increasing mkimgpcomplexity. It is thus appealing
to unleash the computing power of GPU for networking applice [36, 42, 9]. PacketShader,
a high-performance software router framework for geneagkpt processing acceleration is pro-
posed in [42]. The authors implemented IPv4 and IPv6 forimgr,dOpenFlow switching, and
IPsec tunneling to demonstrate the flexibility and perfarogaadvantage of PacketShader. Com-
bined with their high-performance packet I/0O engine, Ptslkader outperforms existing software
routers by more than a factor of four, forwarding 64B IPv4keds at 39 Gbps on a single com-
modity PC. An immature idea of upgrading NS-2 simulator ggBPGPU is proposed in [36].
Although no experimental results are given in the paperatitbors claimed that if they can ac-
celerate the propagation model, the gained speedup cowdahsignificant value for large scale
networks. Researches in [9] implemented a similar ideadelacate a discrete-event parallel net-
work simulator, PRIME SSFNet using GPUs. Basically, GPUsused to perform ray-tracing at
high speeds to facilitate propagation modeling based omgéc optics. On average, the pro-
posed system with four GPUs and a CPU achieves a throughpgutiines faster than a single
GPU.

Data mining algorithms are an integral part of a wide var@tgommercial applications such as
online searching, shopping and social network systems.yMathese applications analyze large
volumes of online data and are highly computation and merragnsive. As a result, researchers
have been actively seeking new techniques and architedtiiprove the query execution time.
In [37], data is streamed to and from the GPU in real time aeditbnding and texture mapping

functionalities of GPUs are exploited. The experimentsilies demonstrate a speedup of 2-5 times
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over high-end CPU implementations.

The advent of GPGPU also brought new opportunities for Spgagp time-consuming electronic
design automation (EDA) applications [29, 38, 39, 21, 20,6%41. The authors in [38, 47] are the
pioneers who parallelized EDA algorithms on GPUs. They eix@dl both fault parallelism and
pattern parallelism provided by GPUs and implemented aciefii fault simulator. Also, efficient
gate level logic simulators are proposed by authors in [@]lwkere the circuits are partitioned into
independent portions and processed among blocks in daBdsides the gate level simulators, a
GPU based System-C simulator is introduced in [67]. Therdiseevent simulation is parallelized
on the GPU by transforming the model of computation into a ehad concurrent threads that
synchronize as and when necessary. The GPU-based agpied&br EDA community are not
restricted to simulators. Since the irregular data accatienns are determined by the very nature
of VLSI circuits, authors in [29] accelerated sparse matranipulations and graph algorithms on

GPUs which have widely been used in EDA tools.

2.2 Digital Systems Testing

2.2.1 Single Stuck at Fault Model

Logical faults represent the effect of physical defects loa behavior of the modeled system.
Unless explicitly stated, most of the literature in theitegtirea assumes that at most one fault is
present in the system, since multiple faults are generallghreasier to detect. This single-fault
assumption significantly simplifies the test generatiorbfgm. Practically, even when multiple
faults are present, the test derived under the single-fmslimption is usually applicable for the

detection of multiple faults by composing the individuatedesigned for each single fault.

Some well-known fault models are the single stuck-at fa&68K), bridging fault, and delay fault.
In this dissertation, we target the single stuck-at faultdeipthe simplest but most widely used

fault model. The effect of the single stuck-at fault is ashié faulty node is tied to eitheyCC
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(s-a-1), orGND (s-a-0), shown in Figure 2.4. The advantages of using sstglek-at fault model

include:

1. It can detect many different physical defects;

2. Itis independent of technology;
3. Experiments have shown that tests that detect SSFs dete@gtother faults as well;
4. The total number of SSFs in the circuit is linear to the sizéhe circuit;
5. Many other fault models can be represented as a comhiraftisvo or more SSFs.
GND VCC
A__ I A___ I
B C B C
(a) stuck-at-0 Fault (b) stuck-at-1 Fault

Figure 2.4: Stuck-at Fault Model.

2.2.2 Fault Simulation

Fault simulation plays an important role in the testing @fitosystems. It is widely used in test
generation, fault dictionary construction, and so on. B@neple, many test generation systems
use a fault simulator to evaluate a proposed Teshen change T according to the results of the
fault simulation until the obtained coverage is considesatisfactory. Therefore, the process of
fault simulation will be launched several times which makesmost time-consuming procedure

during the test generation.

The process of fault simulation is illustrated using a mdiecuit as shown in Figure 2.5. The

miter circuit is built by connecting a fault-free circuit tiits copy injected with a single stuck-at
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fault in the following manner. The corresponding primarguts are connected together, and the
corresponding primary outputs are connected via XOR gatesn all XOR gates are connected to
an OR gate. As long as at least one value of the outputs igeliffethe output of the miter circuit
will show a logic one which means that the fault is detectedhgytest patterd. It is noted that
during fault simulation, we drop the faults from the fau#ttlihat has been detected. This process

is calledfault-dropping

C1: Fault-free Circuit

= -
1?(Detected)
= o—
el P

C2: Faulty Circuit

T Pattern

Figure 2.5: Miter Circuit for Fault Simulation.

Parallel-Pattern Single-Fault Propagation (PPSFP) ndeghaidely used for parallel fault simu-
lation on conventional computer architecture which inesidwo separate concepts, single-fault

propagation and parallel-pattern evaluation [97].

First it conducts a parallel fault-free simulation of a goaef W vectors which is called parallel-
pattern evaluation. The idea is to store the values of a kigrea W-bit memory location. By
exploiting the inherent bit parallelisn82-bit or 64-bit), the simulator could evaluate gates by
Boolean instructions operating Wfibit operands which generates output values/fovectors in
parallel. Then, the remaining undetected faults are $grgécted and faulty values are computed
in parallel for the same set of vectors. Comparisons betweed and faulty values involv@/
bits. Detected faults are dropped and the above steps aateepuntil all vectors are simulated or

all faults are detected.
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2.2.3 Reliablity Analysis

CMOS scaling has taken us to the nanometer-range featw®. diz addition, non-conventional
nanotechnologies are currently being investigated asnpatelternatives to CMOS. Although
nano-scale circuits offer low power consumption and hightcdwng speed, they are expected to

have higher error rates due to the reduced margins to noiseaarsients at such small dimensions.

The errors that arise due to temporary deviation or malfancif nano-devices can be character-
ized as probabilistic errors, each of which is an intringimgerty of each device. Such errors are
hard to detect by regular testing methodologies becausentilag occur anywhere in the circuit

and are not permanent defects. Thus, each deMilmgic gate or interconnect) will have a cer-
tain probability of errorr; € [0,0.5], which cause its output to flip symmetrically (frobn— 1

or 1 — 0). A common fault model of a circuit with gates is defined as the failure probability
7 ={mn,7,..., 7.}, wherer, is the failure probabilities of th&!" gate. In our experiments, we

assign an universal error rate (failure probability) toth#é gates for simplicity. However, RAG is

able to consider gates with different error rates.

The reliability of logic circuits could be evaluated by seleneasures. Suppose we have a logic
circuit with m outputs. In [24], the probability of errors for each outputienoted as;, is em-
ployed. Among then outputs, the maximum probability of errofax!™,(9;) is used in [86]
and authors in [22] utilized the average reliability valyem!” (1 — §;)/m. The authors using
PTMs [49] proposedridelity, denoted ag’, which is the probability that the entire circuit is func-
tionally correct (allm outputs are fault free). They also employed the averagehiéty among

outputs {?,.,,) Which is also the metric we used in this work.
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2.3 Digital Systems Validation

2.3.1 State Justification

The complexity of current designs makes it hard to geneffédetave vectors for covering corner

cases. An example corner case is a hard-to-reach statechieedietect a fault or prove a property.
Despite the advances made over the years, state justificainains to be one of the hardest
tasks in sequential ATPG and design validation. In thisisectve presents background of status

justification.

Definition 1. For a digital circuit with m inputs andn Flip-Flops (FFs), the state space and
the primary inputs (PIs) are defined by indexed sets of Bool@aiablesV = {v;,...,v,} and
W = {w,...,w,} respectively, where;/w; denotes for the logic value;€{0, 1}) of thei'"
Flip-Flop / j* PI.

Let V' = {v},...,v,} be the next state variables, then the next state functiorbeagxpressed
asV’ = o(V,W). Based on the next state function, a transition relafig#r, W, V') can be
constructed such that(V, W, V') = 1iff V' = §(V, W).

For the variables in time framg we useV* = {v!,... o'} andW* = {w!,... w!}. Particu-
larly, the initial state is denoted bly® and target state i&/. Also, a sequence of input vectors

Wi Wit . WY can be represented Hs"7 wheni<j. Similarly for state variable¥'.

Definition 2. For a sequential circuit, transitions among states can hesttated by a directed
graphG(N, E), namely the State Transition Graph (STG), with the nodegvset {V°, V1. .}
and the edge sét = {eyiy; |V, VIeV, IW s.t. VI =5V, W)}

Based on the STG, the process of state justification can beufated as a process of searching for
a directed path from vertexX® to v/ in G(N, E). Such a path with lengthcan be expressed as a

sequence of input$d’* which satisfies the Boolean equation:

—1 . . .
VoA /\::OT(VZ, W, VY A VY 2.1)
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For instance, Figure 2.6 illustrates the STGN, F) of a design withl primary input,w; and4
FFs. It can be observed that there exist several paths frenmitial stateA to target staté.; one
such path isA—C—FE—I— L. However, it is infeasible to construct a STG for a complesigie.

To overcome this, an abstraction engine is used for our erpo

Cost 3 Cost 2 Cost 1

Initial State:

Figure 2.6: State transition graph

2.3.2 Abstraction Guided Simulation

In order to mitigate the computational requirements of farmethods such as [12, 16], which are
based on Binary Decision Diagrams (BDDs), deterministi®&l and/or Boolean satisfiability,

researchers have proposed hybrid techniques that utidite dmulation and formal techniques.
These methods have the advantage of greatly reducing thememd computational requirement
of state traversal through the use of simulation, but alsoadte to justify hard-to-reach corner
cases. Early examples, such as [99, 88], utilize enlarggets generated from the initial target

state and heuristic based sub-graph searches, enabligysteem to make the target easier to
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reach. However, as circuit complexity grew, these methasmine computationally infeasible
due to memory explosion in finding an enlarged target, and thie explosion of subgraphs to be
checked in local model checking. To handle these limitatioasearchers introduced abstraction
guided simulation, which utilizes formal techniques toateea simplified model of the behavior of

the circuit state variables [28, 78, 90].

The concept of a distance based cost function abstractisipmgposed by the authors of [90]. This
cost function abstraction interacts closely with the tasiate allowing for customization of the
abstraction for each property to be verified. Additiong8] provided a method of abstraction
refinement using data-mining to aid a GA-based search engiaeever, in both cases, it is still
sometimes difficult to guide the search through narrow gtatkes without the use of a BMC. The
authors of [28] propose the method of buckets represertimglistance of the states they contain
from the abstracted target state. In such a method, afterstate has been simulated, the program
flips a fair coin to determine if it should continue simulatior backtrack to a different ring.
While such an approach avoids some local minima, some statesn hard-to-reach. Finally, [53]
proposes the use of ACOs for solving the state justificatimblem utilizing an abstraction cost
function as a heuristic the ACO guides the search and limésrtput space based on information

discovered during runtime.

Figure 2.7 illustrates how an abstract trace can help guidegeneration of the concrete trace.
Because the state transition graph for the abstract modelu@h simpler than the one for the
original concrete model, it can be constructed. Every cetecstate is mapped into an abstract
state via a cost functio6'ost(). During the search, one looks for clues/hints that can helpem
the current concrete state to the one that maps into the t@sdrconion ring, until the target is

reached.

State Variable Extraction

Our proposed work in Chapter 6 employs state variable eirascheme which is first introduced

in [98] for partitioning the state set. The framework is simow Figure 2.8. Different from [90]
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Abstract Model
Onion Rings

Figure 2.7: Abstract model and concrete state mapping

where the high level description of the design is needed,tduhnique is only based on the gate
level description of the circuit. At first, we perform a ramil@imulation of the circuit using.
random vectors (in our workl, = 10000) and record the values of each FF. After simulation
is finished, correlation among the FFs is extracted. Finpkytitioning is applied based on the

characteristic state variables and the state partitiois $efilt.

Random simluate Extracted state
T vectors partition set P

..............

Abstraction Engine

Compute pre-
—» images for each
partition set

................................................................................

Extract _, State Variable
characteristic FFs Extraction

Figure 2.8: Framework of abstraction engine

Definition 3. The extracted state partition is definedias= {pi, po, . . ., p;}, where the flip-flops

are divided intoJ sets.

The state spac¥ is thus decomposed 14,,,V,,,...,V,,. V,, is defined as aabstract statef

in partition setp;. The state variables excludedjnare replaced witllon’t care X As shown in
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Preimage(FF2,FF3) Preimage(FF1,FF4)
=3 d=2 = d=1 | d=1

Concrete

Cost(S)=max(2,1)=2 State

Figure 2.9: Preimages of two partition sets

Figure 2.9,p; = {v., v3} denotes for a set that includes the second and third FF wielether
FFs are set tX.

Computing abstract preimages

Thepreimageof a set of staté’/, S(V/), is the set of states from which the design can transition

to VV/ in one time frame via the application of a certain vectron Pls of the circuit:
YWeS(VH), IW s.t. T(V,W, V) = 1. (2.2)

Computing a preimage tofxed pointmeans iterating the preimage computation until the tresesit
set of states obtained no longer grows. In our work, we useTagd@ine to compute the abstract
preimages for every partition sets to a fix point. Becausé gactition only consists of eight
flip-flops, preimage computation for each partition is fasd affective. As shown in Figure 2.10,
the design is modified to a one time-frame unrolled combameaii circuit model in which Pseudo-
Primary Input (PPI) feeds the FFs in the original circuit dhd outputs of the FFs connect to
Pseudo-Primary Output (PPO). The PPOs are set to the téatess’ while PPIs are constrained
to =S/ in order to exclude all the target statesdh. The inputs to the SAT engine is the target
states set, the combinational portion of the design and dhstrains to PPIs. After solving the

formula, the SAT-solver will give a solution towards the Bom which a new state vectof is



Min Li Chapter 2. Background 27

assigned. The new state vector is called the 1-step preiofabe states ir5/. For each partition
setp;, we addeJ; to setS as well as its complement to PPIs and run the SAT engine agaie.
procedure is repeated until the instance is unsatisfiabdNS@AT) which means that all possible
1-step preimage solutions 6f is contained inS. Then, we replaceé’ with S and compute the
preimages in next time frame. The process is terminated when() which means that all the

abstract states are obtained for partition

The size of each partition sgf is experimentally limited to a maximum &fvariables. Thus, the
number of distinct abstract states in one group is at astvhich makes preimage computation
very lightweight. At the same time, abstract groups3cdtate variables are demonstrated to be

effective for guidance according to our experimental rtssul

Preimages of two partition setd'F», F'F3) and(F'F, F'F,) are shown in Figure 2.9.

Definition 4. The distance of a stafé in partition setp;, d(V,,) is defined as the number of time

frames it takes fronk,, to /.
J

Using Figure 2.9 again, the distance between stai® and the target i2 for the partition set
{p2, p3} and1 for {p1, p,}. By partitioning the state space as in [98], we can find absgeups
that are highly related to the target. Thus, more useful@pprate distances can be obtained. For
example, the partition sép-, p3} is more favorable thafp,, p4} because the abstract distance in

set{ps, ps} is more accurate when compared to the concrete model.

2.3.3 Partition Navigation Tracks

Partition Navigation Tracks (PNTs) represent the costtionaused as our heuristic. A pictorial
representation is shown in Fig. 2.7. A PNT is generated foh ég-flop partition utilizing a SAT
engine. The SAT engine is fed a set of clauses defining thevimaf the circuit as well as the
values of the flip-flops of the partition in the target state facilitate the discussion on generating

PNTs, the following definitions are needed.
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Figure 2.10: Framework of computing preimage
Definition 1: For any circuit withn state variables ana inputs, the state and primary inputs can
be represented as séfs= {vy, vo, ..., v, } andW = {wy, wo, ..., w,, } respectively.

Definition 2: A partition is a set of 8 state variableB, = {p;, p2, ...ps}, such that a one to one

mapping exists from each state variable to a partition elme— p;.

Definition 3: For any state for a set of states, there exists a transitioctitn such thal”’ =
Nexzt(V,W). A partitioned transition function exists as well such tivat= {p!, p5, ..., pi }, and
P’" = Next(P,W).

Given a target stat& and a partition target,,, S(7),) is the set of all partition states that can reach
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T, in one timeframe for some specific input vector W. Formaif/]}, ):

VP e S(T,), W s.t.Next(P,W) =T,

Each subsequent level of the PNT is calculated by applyingte from the previous level as a

constraint clause to the SAT engine and finding all posstialies that reach that state:
VP € S"(S(T,)), W s.t.Next(P,W) € S" H(T,)

This calculation is continued until a fixed point is reachedhsthatS™(7,,) = 0 or until all 256

possible partition states have been reached.

Due to the small number of flip-flops involved in each partitithis method remains lightweight
and helps minimize the amount of initial computation regdito create the abstraction. Addition-
ally, 8 flip-flop partitions have been previously shown to Heative in guiding the circuit to the
target [78, 53].



Chapter 3

Parallel Fault Simulator

3.1 Chapter Overview

In this chapter, we present an efficient parallel fault s, FSIimGP, that exploits the high de-
gree of parallelism supported by a state-of-the-art gaptocessing unit with the NVIDIA Com-
pute Unified Device Architecture. A novel three-dimensigraallel fault simulation technique is
proposed to achieve extremely high computation efficiemcthe GPU. Global communication is
minimized by concentrating as much work as possible on tbal ldevice’s memory. We present
results on a GPU platform from NVIDIA (a GeForce GTX 285 griggltard) that demonstrate a
speedup of up to 63 and 4x compared to another two GPU-based fault simulators and 8pxto

over a state-of-the-art algorithm on conventional proaeaschitectures.

The rest of the chapter is organized as follows. A brief idtrction is given in Section 3.2. In
Section 3.3, we review the previous work in the area of GPgktagarallel application for fault
simulation. Section 3.4 outlines a high-level process wiéthe proposed view of FSImGPThe

experimental results are reported in Section 3.5. Finadlgtin 3.6 concludes the chapter.

30
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3.2 Introduction

Fault Simulation, a process of simulating the response afcaitunder-test under a set of test-
ing patterns in the presence of modeled faults, plays aniitaporole to various applications in
very-large-scale integration circuit test including Amatic Test Pattern Generation, built-in self-
test, testability analysis, etc. In the past several dexagignificant efforts have been devoted to
accelerate this process [51, 71, 87]. However, with the mcksin current VLSI technology, more
devices can be placed on a single chip. As a result, therededfor efficient fault simulators that
are able to handle large designs with extremely large tést seaddition to test-related applica-
tions, simulation of a large number of test patterns can laéswfit many other applications. Fast

(fault) simulators would thus offer tremendous benefit.

In order to alleviate the simulation bottleneck, researshave proposed several parallel process-
ing approaches by exploiting the power of supercomputezdicdted hardware accelerates and

vector machines. These techniques can be divided into thage classes:

1. Algorithm Parallelism. Different tasks such as logic gate evaluation, schedulmd)ia-
put/output processing are preformed in a pipelined fashiahdistributed to dedicated pro-
cessors. Thus, by functional partitioning of simulatiogalthms, the communication and

synchronization between processors can be reduced [3, 6B, 7

2. Model Parallelism.The gate-level netlist of the CUT is partitioned into seVemanponents.
Since each sub-circuit can be simulated independentlgrdiit elements are computed by

several processors in parallel [69, 79, 80, 93].

3. Data Parallelism. In fault simulation, either multiple patterns and/or mpikéi faults can
be processed independently on one of the processors [6,316l64 76, 77, 84]. Tech-
niques where sets of input vectors (faults) are simulatgzhnallel are calledault-parallel
(pattern-paralle). Since there is no data dependence between process@qatatielism

is particularly attractive for our implementation usingahics Processing Units.
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In this chapter, we present a novel three-dimensional lghfault simulator, called FSimGP-
Fault Simulator with GPGPU. The main motivation behind thirk is to harness the computa-
tional power of modern day GPUs to reduce the total execuima of fault simulation without
compromising the output fidelity. Our method exploits blodlult- and pattern- parallelism to-
gether which is capable of efficiently utilizing memory bandth and massive data parallelism
on the GPU. The overhead of data communication between t#tg@BU) and the device (GPU)
is minimized by utilizing as much of the individual devicet®mory as possible. FSim&Ralso
takes advantage of the inherent bit-parallelism of logierafons on computer words. In addition,
a clever organization of data structures is developed téo#xpe memory hierarchy character-
istic of GPUs. The technique is implemented on the NVIDIA Gefe GTX 285 with 30 cores
and 8 SIMT execution pipelines per core [59]. Our experirakergsults demonstrate that the pro-
posed FSimGPachieves more than three times speedup in comparison vaiémilg developed
GPU-based fault simulators [47] and [38] as well as a stétb@art sequential fault simulation

algorithm [51] implemented on conventional processor iéecture.

3.3 Background

In this section, we will present the background on parabeiltfsimulation and previous related

work based on the CUDA architecture.

3.3.1 Fault Simulation

A fault simulator computes an output response of a logiaidifor each given input vector under
each given fault instance. In this work, our proposed apgrdargets on full-scan gate-level
circuits and assumes the single stuck-at fault model. Qult $amulator is to produce the fault
simulation results for @ollapsedfault list in a circuit under a large set of random vectors. In
addition,fault droppingis implemented which means that a fault is removed from thé fist as

soon as it is detected by any test pattern.
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Definition 5. LetV be the total number of test vectors for fault simulation andbe the number
of collapsed faults. The word sizg, is defined as the number of bits in the computer word. In our
implementationw equals32. The fault/pattern parallelism factors are defined as vakesp and

t which denote the number of faults/patterns simulated ana ti

Recall that parallelism in fault simulation is classifietbifault-parallel and pattern-parallel meth-
ods. The former simulatgsfaults for each vector at a time while the latter simuldtpatterns
simultaneously for one target fault. Parallelism can béhiened on GPUs by extending word-level
parallelism onto multiple threads. Hence, we now simutede faults ort xw patterns in parallel
by simply extending the simulation unit from one CPU word iaesv to a vector consisting of
p or t words of sizew. Such simulation techniques are referred t@@endedault- (or pattern-)

parallel simulation.

3.3.2 Previous Work

The authors in [38] give the first attempt to implement faubdation on GPUs. Both fault
parallelism and pattern parallelism are employed suchdhah thread evaluates one gate with
different test vectors as well as different injected fainlgsarallel. The gate evaluation is conducted
by a look-up-table (LUT) implemented in the texture memaryekploit the memory bandwidth
of GPUs. Although the proposed implementation could aehB« speedup in comparison with
a commercial sequential fault simulator, the computatimpacity of the GPU has not been fully

exploited due to two major factors:

1. Transmission Overheadetween CPUs and GPUs. Since the netlist of the circuit is not
stored on the GPU, the host is responsible for all the scireglahd loading tasks to the
device. Therefore, the performance overhead of data trigsgm between the host and the
device becomes a major bottleneck. In our work, we try to miné such communication
overhead by employing a new data structure to store some eftituit and fault information

on the GPU without causing excessive data transmisg\irthe simulation workloads are
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processed on the GPU while the CPU is only responsible forigireg fundamental data

including circuit netlist, fault lists and collecting fawetection results from the GPU.

2. LUT implemented in the texture memory exploits the extremetydanemory bandwidth of
GPUs. However, each thread could only eval@agates with the LUT at a time. Our method
takes advantage of the inherdnt-parallelismof logic operations on computer words on
GPUs. Thus, a packet word of 32 bits can be simulated contlyrsuch that each thread

could evaluat&2 gates simultaneously.

An efficient fault simulator is proposed in [47], which uske parallel-pattern single-fault propa-
gation (PPSFP) paradigm. It achieves a considerable spe#dibx compared to a state-of-the-
art fault simulator, FSIM [51]. While PPSFP techniques camp unnecessary evaluations during
simulation, we believe that the overhead of event schedwind the cost associated with condi-
tional branches within a warp on the GPU may diminish the ggiexploiting such approaches.
Moreover, in [47], the circuit topology has a strong impattioe performance because the simula-
tor running on GPU caanly handle the gates with two inputs. Hence, the speedup maylbeed

for circuits having gates with more than two inputs.

The authors in [20, 21] developed a GPU-accelerated logialsitors under the model-parallelism
scheme. The circuits are partitioned into several clustedseach of them is assigned to a thread
block. Such a model-parallelism algorithm is not applieafiolr fault simulation because in most
cases, only a small percentage of gates in a circuit arenesjto be simulated for a specific target
fault. Consequently, the overhead of unnecessary evahsatin unexcited gates might potentially
diminish the gain through computing events in parallel. @ethod keeps the fault-free values of
all the gates on the GPU’s device memory and only simulategldgments in the fanout cone of

the faulty gate.

In light of the above discussion, our proposed method iniced a novel three-dimensional parallel
fault simulation technique that avoids all those wastefalugations and thus maximally harnesses
the GPU’s large memory bandwidth and high computationalggo®@ur method can be applied to

any circuit irrespective of its topology. Moreover, a dynaiad balancing algorithm is proposed
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based on the atomic function provided by CUDA to distribute workload evenly across the

thread blocks.

3.4 FSimGPF Architecture

In this section, we first present our three-dimensionallfgriault simulation algorithm. Then
the framework of FSimG¥Pis described, followed by the load balancing and memoryadiity

techniques.

3.4.1 Three-Dimensional Parallel Fault Simulation

Definition 6. When injecting a faulff onto the circuit, only the gates in the fanout region (FR)
beyond the fault site toward the primary outputs need to ladueted. We define such set of gates

as FRr and its size as, which is the number of gates in FR

Definition 7. Compact faults s€lCFS) is a set of faults with identical FRs. For simplicity wvall
this group of faults a&compact faultrepresented asf. The total number of compact faulisf6)
in the circuit is denoted ad/.;, and the size of thé" CFS isn;, which is the number of collapsed

faults belonging to this CFS.

Figure 3.1 illustrates a CFS whose faulty gate (locatiory,is There are five collapsed, non-
equivalent faults f;~ f5) included in this CFS. The position of gage in the circuit is shown in
Figure 3.1. Itis clear that all these five faults share theesahaded fanout free region. Thus, we
compact these five faults into a compact fayltwhich acts as airtual single faultduring fault

simulation.

In FSImGP, for a compact faultf, each gate in the fanout region of compact fault (FRuill
be fault-simulated witlt vectors, processed arthreads, where is the pattern-parallelism factor

defined before. In Figure 3.1, a compact fauflis injected on gatg, and the FR; is illustrated as
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Execution Process:
\ ) )

:; /Z__Z_._._. 7__ SynC :
ST Barrier :
1R - - -8 |
5 5 [ I I | 5 :
——BF-—F--—F |
4 4 |ans| 4 j:
A==t =——F—— i
3 3 nna 3 :
=R —Nr———X— ———l——l:
2 2 [nus]| 2 f
-t ——Z-—-=Z- CFSincludes: 3
a—
Ly 2]=[1]  fu(d/O), f(d/D), | e 1 S

N \ fo(@/1), fu(0/1), S
TIDo TID;  TID,  fs(c/1). fs

Figure 3.1: Fanout region of compact fault. FR: Fanout negldD: Thread ID.

the shaded region. During fault simulation, we need not kitewall the faults represented by;
instead, just one simulation pass is needed since they #f@msame FR. Note that whenevgr

is detected, not all faults represented by this compact faay be detected because some of them
may not be excited by the given vectors. The netlist is leeglia priori and the gates in the FR
are indexed according to the ascending order of their levéis left part of Figure 3.1 shows the
execution process of a block wheréhreads indexed frorfd'/ Dy to 11D, are launched. All the
threads evaluate the same gates in/Fdncurrently followed by a synchronization barrier. Thus,
all the gates in the fanout region of compact faylf F'R.;, are evaluated in a forward levelized

fashion.

It is noted that some PPSFP techniques [51] can further pranecessary evaluations of gates in
FR.;. However, we argue that the overhead of event schedulinghencost associated with con-
ditional branches within a warp on the GPU may diminish the & exploiting such approaches.

Moreover, the overhead can be alleviated by simulating @atfaults (defined below) in parallel.

Definition 8. FSImGP employs a novel approach called-parallelism wherein different faults
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in the same compact fault set, CFS could be simulated in [ehraAlso, multiple compact faults
could be assigned to different thread blocks and processedurently on the GPU. We defined
such technique dslock-parallelismand factork as the block-parallelism factor which represents

the number of blocks:{'s) simulated at a time.

To utilize memory bandwidth and massive data parallelisnannefficient way, FSimGPex-
ploits block-, cf- andpattern-parallelisnmtogether. Namely, we simulate multiple compact faults
(which represent many single faults) over multiple patexna time. We call this techniqtleree-
dimensional parallel fault simulatiolustrated in Figure 3.2. All the collapsed faults with dab
number ofN; in the circuit are grouped into compact faults with a totainter of V.. All these
N,y compact faults are evenly distributed omtehread blocks running concurrently on the GPU.
For exampleblock; is assigned witla f; (includingn; single faults). Each block allocatethreads
simulatingt test vectors for one compact fault in parallel. All the cowtdaults assigned for one

block are processed in serial.

In serial—— ; Cf'

: |
Blocky —| Cfo ka+1 Cfi-]_ ;: r A N
f| f(i,0) f@,1) --- f(i, n)

Vector

Block; | cf; | Cfisn |+ Cfi
V(i,0) | V(i,1) | --- | V(i,})

- Thread

Blocky | ka Cf2k Cchf :

+——In parallel——

Figure 3.2: Three-dimensional fault simulation architeet

3.4.2 Framework

The high-level flow of FSimGPis shown in Figure 3.3. At the beginning, the CPU reads in the

circuit netlist and generates its collapsed fault list. Dhiginal faults will be grouped to form
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compact fault sets (CFSs) and for each compact fault, itsuaregion, FR;, is computed by a
breadth-first search from the faulty gate location in a fadMavelized manner. Compact faults
will be partitioned intok blocks according to our static load balancing approach. ifiiel data
transferred from the CPU to the GPU include the circuit setiompact fault list with correspond-
ing fanout region £'R.;) and random generated test vectors. Also, some other datdses are
claimed on GPU which arg,; andf,.;, two arrays of unsigned integers for storing fault-free and
faulty values, respectively. Th&t is an array of Boolean values for indicating the detectiatust

of faults.

CPU Host : : GPU Device
Start - For all the gate

simulation .+ {Logic sim start call evaluation kernel

store fault-free values in ty,

: Eh- : ) :
Send datas 1o : Logic sim end}

GPU

Read information
of the circuit

. ( Fault sim start

Generate cf list
and FR;

Launch kernels
>

:[Random Generate on GPU
V test vectors

Get ;‘aults for the gates in FR

detectability from|: : ( Fault sim end call evaluation kernel
GPU Do store faulty values in fy

End of
simulation

Figure 3.3: FSimGPframework.

Then, the GPU will take over the main work load of fault sintida. First, a logic (fault-free)
simulation will be performed for all the test vectors in ghala The fault-free values are stored in
t,a array. Next, the three-dimensional parallel fault simolakernel is launched onto the GPU.
For each block, one compact fault set (CFS) will be evaluated threads witht different test
vectors. As an example, the pseudo-code of the kernel whinchlates the faults in a CFS is
provided in Algorithm 1. Parametets, and f,.;, respectively, are pointers to the global memory
of GPU where the fault-free (true) and faulty values of thterinal signals are stored. A new data

type gate is defined to store the information of the circuit netlistling the gate type and the
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list of gate inputs. All the gates to be evaluated for the cachfault are stored in an array on the
GPU's global memory pointed bfr. A gate labeflagalso stored on the global memory indicates
whether a gate is in the ERor not. The detection flags fail the single faults are stored in the
det array and transmitted back to the CPU after simulation. ¢ IL, TID is obtained from the
built-in CUDA variablethreadldz.z. We do not inject faults on the faulty gate as traditionaltfau
simulation because different single faults are compacttmithe same compact faultf(). Here,
we justcomplementhe fault-free values of the faulty gate for ailtectors and store them in ttfg,
array at line 2. Itis noted that the value for a gaiteindexed at a locatiofi'/ D+ixt) in the value
array. After each gate in the FR is evaluated (line 5), linet8 theflag to true indicating that the
gate is in the FR of thef. Then, we go back to the faulty site and evaluate whetherahksfare
excited (line 9). For a single fauftin the CFS that is excitethal®t, [tid + fr[0] x t]) and the
faulty value is propagated to one of the primary outputs@RR ( f,; [tid+ k X t|Dt,q [tid+ k¥ t]),

we set its detection flag to true indicating that the fguttas been detected by the thread (line 11).
After all the threads have finished simulation, a parallduion kernel is launched to determine
if the fault is detected by any of thievectors. Ifall the collapsed faults in the currenf are
detected, the next compact fault will be processed in thekbl®therwise, anothertest vectors
will be simulated until all thé/ test vectors have been simulated for the curegnif a single fault

is not detected by any vector, we say that the fault is nototietieand set its detection flag to false.
In the above discussion, we use an efficient implementafipai@llel reduction [11] provided in

CUDA software development kit (SDK) [72].

As illustrated at line 5 of Algorithm 1, depending on the;]'s gate type and the input list available
at gate data structure, theval kernel will launch a separate kernel to evaluate the fawdtyer of
the gate. For example, the gate evaluation kernel for famltilstion of a two-input OR gate is
given as a pseudo-code shown in Algorithm 2. The index of #ite gnder evaluation and its
inputs is indicated by argumenig, in0 andin1. The parameteitag that has been set at line 6 in
Algorithm 1 determines whether the values of the gate’stspte fault-free or faulty. Every gate
type in our library is implemented with a similar evaluatkernel. By exploiting the sync barrier

function provided in CUDA, all th&2 threads in a warp are guaranteed to simulate the same gate
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Algorithm 1 ¢f_sim_kernel — simulation kernel for a f

Input: wint xt,q, wint *f,q, bool xflag, bool xdet, gate xfr, faultx cf

1:

e el e
@Ww N kR o

NI RN

tid = threadldx.z; { get thread indek

fval [t'ld + f’I“[O] Xt] = Ttyal [tld + f’I“[O] Xt]a
flag[fr[0]] = 1; { set gate label for the faulty ggte
for all gates;j in FR except the first faulty gatéo
eval(tvala fval; fr[jL flag>;
flag|fr[j]] = 1; { set gate labél
end for
for all faultsj in ¢f do
wint val = inject_eval(tya, cf[j], fr[0]);
for all primary outputs: in fr do
det(tid + cf[j]xt] |= (foa|tid + kxt]|Btyutid + kxt]) & (val®t,q(tid + fr[0] x t]);
end for
. end for

but for different vectors. Since the same kernel will be Ehed among the threads in a warp, no

branch divergence will occur in FSim&P

Algorithm 2 ewval_kernel — evaluation kernel of OR2 gate

Input: wint xt,q, wint xf,q, bool *x flag, int id,int in0, int inl

1
2:
3:
4:

tid = threadldx.z; { get thread indek

val_in0 = t,q(tid +in0 x t] & (1 — flag[in0]) + foa[tid +in0 x t] & flag[in0];
val_inl = t,g[tid +inl x t] & (1 — flag[inl]) + fealtid +inl x t] & flag|inl];
foarltid +id x t] = val_in0 | val_inl;

3.4.3 Data Structure

For the compact fault set, CFS, a novel data structure is@raglas following:

typedef struct {

unsigned int pos;
unsigned int faults;

} compactfault_set;

The first 4 bits of unsigned integeps are encoded as an decimal number which represents the

number of single faults contained in the sek (The left 28 bits are the index of the faulty gate. The
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unsigned integefaults is composed of 8 single faults. Each fault is denoted by & é+woding
where the first bit is the type of the stuck-at fault and the tlefee bits represent the index of
the faulty line of the gate. For example, we assume that thgpect fault set (CFS) denoted in
Figure 3.1 is on a three input AND gate with an index nuni3&g. Such compact fault set can be
represented by our structure wjths = 0z A1C5, fault = 0x75310. The number of single faults
inthe CFS is5 (0xA1C5&0x0F = 5) faults on gate numbe&s88 (0x A1CS5 >> 4 = 2588). The

first fault f1, asa — 0 fault on gate line O is represented by a four bit 8§860. Also, fault f5 with
encoding)111 is ansa — 1 fault at line3. This data type is expandable when the number of single

faults is greater tha or the index of the gate is exceed t2tebits encoding.

The netlist of the circuit is an sorted array of logic gatethwespect to the their levels. Each
logic gate is represented by a bit stream where the first fitsiabe encoded as an decimal number
denoted as the gate type. Also, it can be extended if the nuoflgate types exceeth. The
following bits are divided intoK integers representing the indexes of its fanis.is decided
by the maximum number of fanins of logic gates in the circUiherefore, our data structure is

compatible with any circuit with arbitrary type of logic gat

3.4.4 Compact Fault List Generation

As mentioned in Section 3.4.tf-parallelismcould alleviated the overhead of unnecessary eval-
uations of gates in FR. In order to increase the cf-parallelism factor, a greedyo@thm in
Algorithm 3 is introduced to group as many as single faults ane CFS. At first, FSimGPsorts

the gates in an descending order with respect to the numheraailapsedaults and save them

in a queue. The program adds the gate on the top of the quelie tompact fault and update the
gueue to remove the faults that are equivalent to those #vatlheen added. It stops until there are

no gates left in the gatkst.
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Algorithm 3 Compact Fault List Generation
Input: gate_list, f_list
Output: cf _list
1: Sortgate_list by the number ofincollapsedaults on it
2: cf list = (;
3: while |gate_list|#0 do
4:  cf_list < gate on the top of thgate_list
5. for all single faults inf _listgqsc jistjo) dO
6 updategate_list to remove its equivalent faults
7 remove the gates with no faults jate_lists
8
9:

end for
end while

3.4.5 Static and Dynamic Load Balancing

Although all the compact faults are evenly distributed toheblock, our experiments show that
the number ot fs is not an accurate estimation of the work load. We founddhan if an equal
number ofcf's were allocated among all the blocks, the variation in thekwead (measured as the
amount of time spent) could be substantial. Hence, we fitgigee a static work load balancing
technique which takes the number of gatesin the fanout region of the compact faults as an
estimation of the work load. Since all the gates in the FR halsimulated, for two different
cfs with the same size of FR, the computational complexity kEhbe the same fot test vectors.
Therefore, we sort the compact faults according to the ditlkeedr fanout regions and distributes

them evenly to thé blocks.

However, we found that the variation in the work load coultl lsé substantial because the hard-
to-detect faults may be undetected &y the V' vectors while the others are detect by the first
vectors. In such cases, one block will run several roundsralate all the vectors while another
block finishes at the first attempt. Therefore, FSimi@mploys a novel dynamic load balancing
strategy by which the workloads are distributed dynamydallthe blocks. A global fault counter
cnt is allocated in global memory and accessed by all the blonksaard. Once a block finishes
the current workloads, an atomic function (atomicAdd) ded by CUDA is called to increase

the value ofent by a dynamically tuned parameter All the faults with indexes betweemt and
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ent + L will be distributed to the blocks for simulation. The opé&vatis atomic in the sense that

it is guaranteed to be performed without interference froneoblocks.

Initially, all the blocks will be assigned compact faults to simulate. Once a block finishes the
simulation of its assigned faults, it will claim anothércfs and atomically add. to cnt. A
small L may diminish the performance because the atomic writingniex@ensive operation on
GPU. Also, a bigl. may cause an unbalanced work loading if the assign&&s are all hard-to-
diagnose. Therefore, we propose a dynamic load balandiatggy where the assignment bifis
dynamically tuned according to the number of remainifig to be simulated. We set a threshold
before which a largd. is selected to avoid too many expensive atomic operatiorsne set’

to be1l for the cases where fewfs remain so that any workload imbalance is minimized during
the final stages of the simulation. Our experimental reslitsv that with such a dynamic load
balancing algorithm, FSimGRachieves nearly 2 speed-up against the static load balancing and

4x against the case without load balancing.

3.4.6 Memory Usage and Scalability

Since optimized data access is very important to GPU pedono®, shared memory is used to store
thedet array which indicates the detection status of faults andtie data which represents part
of the gates in FR. For each block, thdet array only holds flag entries so that it can fully fit
into the 16 KB shared memory. Only part of thete information is stored to prevent memory
overflow. With such a setup, the low-latency accesses tedimaemory is exploited to accelerate
the frequent read/write operations on these two arrays.th&llother data stored on the global
memory of the GPU are accessed under a fully coalesced meohéecause all the threads in
a warp always access the same relative addresses on the GPé&kample, the,,, of a gate is
stored in a linear array of siZé corresponding to the number of vectors. Thus, whzthreads

in a warp evaluate the gat&) consecutive entries it),; are coalescedly accessed.

Although our graphic card is equipped with 1 GB device memtowy extremely large circuits,
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such amount of memory may still be insufficient for FSintGExperimental results show that
the storage requirements are mainly occupied by the feegtdnd faulty values of internal gates
over allV test vectors whose memory consumptions are calculatedhyn(t,,,) =V x G +

w, Mem(fuu) = k Xt x sy, whereV denotes for the number of vectors,is the word size
andG is the total number of gates,and¢ are the block and pattern- parallelism factors, apd
represents the common fanout region size for all the confpalts. Ideallys;, equals tonaz(s.s)
which is the maximum fanout region size for afls. It is noted that, ., represents the number of
gates in the fanout region of compact fauft Next, two cases of memory shortage are analyzed,

and we give a solution for each case:

1. Case 1.Mem( f,.) consumes too much memory duert@z(s.r). In such case, we set a
fanout region bound instead of usingnax(s.;) and divide the faults into two groups. The
faults in group 1 with as,., smaller thanS will be simulated by original strategy. For those
in group 2 with larger FRs, we set a lower pattern parallefi@sobort, so that one block can
simulate the targetf with fewer threads and thus results in less memory usags.nited
that such a solution will not influence the performance winemumber of faults in group 2

is few. Otherwise, case 2 should be taken.

2. Case 2.Mem(t,q) uses up too much memory, leaving insufficient memoryMom( f,q;)-
In this case, the set df vectors is divided int@” partitions, and thus the simulation is di-
vided into several passes between the host and the deviceov, we could also decrease
either the block- or pattern- parallelism factar/{) to further shrinkMem( f,.;). Although
the parallelism factors are reduced, our results still destrate a huge speedup for both

cases.

3.5 Experimental Results

We evaluated FSimGR performance on a set of large ISCAS89 [15] and ITC99 [2Tidbenark

designs which are available from [44]. Our fault simulat@atform consists of a workstation
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with Intel Xeon 3 GHz CPU, 2 Gb memory and one NVIDIA GeForceXG285 graphic card as
introduced in Section 2.1.1. We fault simulated 10 sets ¢7@2 randomly generated vectors for
all circuits. Ten runs were performed to obtain an averagetime because the runtime may be
slightly affected due to the different set of random pasearsed in the experiments. To evaluate
the correctness of FSimGpPthe fault simulation results were verified with an openrsed se-
guential fault simulator, FSIM [51]. The number of blockg (aunched was set 40 with 64
threads {) running on each block. As discussed in Section 3.5.2, thassmmeters are determined
according to the characteristics of the GPU and CUDA archite for FSimGP to achieve the
best performance. First, we compared the performance ohG8i to those obtained in another
GPU-based fault simulator and a commercial tool from [38gxt\we compared FSimGRo a
recently proposed GPU-based simulator [47], a sequentaitebased PPSFP algorithm imple-
mented in [51] and a sequential (non-parallel) version dhf&& to determine the speedup of
FSImGP. As noted from [47], the FSIM implemented in [51] achievettéreperformance com-

pared to the simulators in [38].



Table 3.1: Comparison with 32K random patterns in [38]

Bench | # Gate # Faults Runtimes (in seconds) Speedup
Total | Compact| Undetected| Comm. tool| [38] | FSIimGF || Comm. tool| [38]
s5378 | 3042 | 4603 2130 52 31.95 1.961 0.058 548.150 | 33.644
s9234 | 5866 | 6927 3252 878 26.74 2.043 0.072 372.138 | 28.432
s13207| 8772 | 9815 4376 317 52.59 0.656 0.103 509.672 6.358
s15850| 11067 | 11725| 6399 852 34.03 0.420 0.131 258.988 3.196
s35932| 18148 | 39094 | 14612 3984 455.38 5.434 0.122 3738.813 | 44.615
s38584| 20995 | 36303 | 15540 1687 265.59 7.883 0.158 1680.588 | 49.882
s38417| 23949 | 31180| 14589 1496 296.36 8.234 0.166 1780.496 | 49.469
b03 190 394 161 0 5.53 0.271 0.043 127.817 6.264
b08 204 452 177 0 4.48 0.229 0.043 103.138 5.272
b09 198 405 158 0 4.9 0.277 0.044 112.378 6.353
b10 223 517 225 0 4.02 0.340 0.053 76.223 6.447
b13 415 852 375 26 9.98 0.322 0.044 224.613 7.247
b17 33741 | 76625| 38236 17164 712.97 19.028| 1.402 508.541 | 13.572
b171 | 41080 | 88098 | 44556 24801 736.67 17.866| 0.831 886.374 | 21.497
b21 21061 | 46154 | 23948 4726 153.33 46.583| 0.739 207.385 | 63.005
b22 | 30686 | 67536| 35872 5283 252.04 60.485| 0.946 266.565 | 63.971
Avg 712.617 | 25.576
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3.5.1 Performance Evaluation

Table 3.1 compared FSim&®mith a commercial tool reported from [38] and a GPU-basedt fau
simulator also from [38]. Column 1 lists the name of the benafk. Benchmarks withk are
those with scalability applied (eg., partitioning the test). The number of gatesV{) and the
number of collapsed faults\(y) are listed in columns 2 and 3, respectively. Column 4 lises t
number of compact faults\(.;) that groups the gates sharing the same fanout region. We find
that N.; is approximately equal to half a¥,. Thus the estimated cf-parallelism factor is around
2 which means that the cf-parallelism technique alone cma#le FSimGP approximately two
times faster. This estimation of speedup from cf-paralielis demonstrated in Section 3.5.2.
Column 5 gives the number of undetected faults after apgIg@K random vectors. It is noted
that some of those faults may not be undetectable, justlegtwere not detected by any of the
vectors in the test set. Columns 6 and 7 list the executioa teéported in [38]. The former one is a
commercial state-of-the-art fault simulation tool rurgnon a 1.5 GHz UltraSPARC-IV+ processor
with 1.6 GB of RAM while the latter tool is implemented on NVIW® GeForce GTX 8800 which
has 128 processing cores clocked at 1350 MHz. The on-chipameoontains 768 MB global
memory with 86.4 GB/s bandwidth. We note that our experimleplkatform is slightly more
advanced than the one used in [38]. The time obtained froom&$}# is listed under column 8
which includes all the GPU computation time, the commumeceabverhead between the host and
the device and the GPU data initialization run on the CPU. peedups obtained by FSim&GP
against the sequential commercial tool and GPU-baseddamitlator are listed under columns 9
and 10, respectively. For example, consider circuit s38884ch has more than 20K gates and
36K collapsed faults. With cf-parallelism, these faults grouped into only 16K compact faults.
1687 of the original collapsed faults were not detected By3PK vectors. The commercial fault
simulation tool reported from [38] took 265.59 seconds,levktiie the GPU-based tool proposed
in [38] took 7.883 seconds. Next, our FSim&Bok only 0.158 seconds. This is 168&peedup

over the commercial tool and 49speedup over the GPU-based fault simulator in [38].

An average speed-up of 25.57s achieved compared to the GPU-based tool [38]. If we camsid
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the difference brought about by the new NVIDIA platform, vamaonservatively estimate that at
least a 1& speed-up is still achieved. It is noted that the benchmasks in [38] were optimized
before-hand while our circuits are obtained directly frdva benchmark website without any mod-
ifications. Therefore, we believe that the lowest speedpprted for benchmark s15850 is due to
the different netlists used. For example, the s15850 ¢itsed in [38] had only84 gates while
ours hasl 1067 gates.

To further examine the speedup of FSintG®Re implemented a sequential version of FSIMGP
called FSIimGP

seq*

In addition, we compared the results with another non{grsimulator,
FSIM [51] and a state-of-the-art GPU based simulator pregas [47]. The results are reported
in Table 3.2. The first five columns are the same as in TableNBkt, the execution time and the
speedup of FSimGProver FSimGI%eq are reported in columns 6 and 10, respectively. Likewise,
the results for FSIM [51] and [47] are given in columns 7-8 4dd12. Both sequential tools are
executed on the same workstation which is also used by FSImMGP noted that the results from
[47] are also based on the same platform as ours. We canngtacerall the result against with
[47] because some industrial benchmarks in [47] are notlg@amailable. Using the circuit b1Z
as an example, [47] took 3.89 seconds to complete while FS‘@Gnd FSIM [51] took 539.018
and 79.283 seconds, respectively. Our FSirh@®k 0.831 seconds. This is about 4peedup
over [47] and 9%, 648x speedup over the sequential version of FSirh@il FSIM, respectively.
Note that FSIM was able to complete the simulation in a mudhntehtime than the commercial

tool reported in Table 3.1. Such a difference could be dukdgtatform difference between them.

For circuit s13207, FSimGPhas the smallest speedup against the other tools. This @ibec
the percentage of undetected faults (317 out of 9815) iswdHat the number of computations
needed for fault simulation is reduced greatly. In otherdgpmost faults in s13207 were easy to
be detected. This could also explain the highest speedmed)&or circuit b171 since there are

more than 25% undetected faults and thus the simulationresgonore computational efforts.

In Table 3.3, the break up of runtime for various steps dusingulation is reported in seconds.

The total runtime is listed in column 2Z'¢tal). The cost of GPU data initialization process is
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listed in column 3 (nit.). Since most of the time taken in this process is to allocamory space
on the GPU, the runtime is similar among the benchmarks. Trhalation kernel to compute
the fault-free value is listed in column 3¢mn.). Column 4 (Fsim.) denotes the runtime for fault
simulation kernel which takes most of the runtime for somgdeébenchmarks. The transmission
overhead between the CPU and the GPU is presented in coluiirub.j. As illustrated in 3.4.2,
the communication costs only includes the circuit data @&stl Yectors sent from CPU and the
faults detection results from GPU. Therefore, the overheaelatively small comparing with the
total runtime. It is noted that the total runtime might begkarthan the sum of the four steps’

runtime due to the overhead of timing function in use.



Table 3.2: Comparison with tools on the same platform

Bench | # Gate # Faults Runtimes (in seconds) Speedup
Total | Compact| Undetected| FSImGPE,, | FSIM[51] | [47] | FSImGP || FSImGRE,, | FSIM[51] | [47]
s9234 | 5866 6927 3392 878 3.230 1.383 NA 0.072 44.958 19.247 NA
s13207| 8772 9815 4392 317 4.994 0.883 NA 0.103 48.396 8.558 NA
s15850| 11067 | 11725 6484 852 18.278 2.600 NA 0.131 139.106 19.788 NA
s35932| 18148 | 39094 | 15181 3984 21.067 6.917 NA 0.122 172.968 56.791 NA
s38584| 20995 | 36303 | 16049 1687 13.310 5.550 NA 0.158 84.222 35.119 NA
s38417| 23949 | 31180 | 15428 1496 26.064 6.783 NA 0.166 156.586 40.751 NA
b17 33741 | 76625 | 41041 17164 540.528 70.850 4.95 1.402 385.543 50.535 | 3.531
b171 | 41080 | 88098 | 46519 24801 539.018 79.283 3.89 0.831 648.556 95.395 | 4.681
b18* | 117963| 264267 | 152329 56313 3698.640 | 373.100 | 18.35| 6.929 533.805 53.848 | 2.648
b20* 20716 | 45459 | 25406 4085 227.257 18.267 2.65 0.736 308.594 24.805 | 3.598
b201 | 14933 | 33255 | 18097 2873 92.332 8.800 NA 0.445 207.602 19.786 NA
b21* 21061 | 46154 | 25609 4773 248.237 18.900 2.65 0.739 335.751 25.563 | 3.584
b211 | 14932 | 32948 | 17802 2818 111.766 8.867 NA 0.457 244.391 19.389 NA
b22* 30686 | 67536 | 38061 5221 337.491 30.050 3.40 0.946 356.941 31.782 | 3.596
b221 | 22507 | 49945 | 27487 4169 155.408 15.500 NA 0.593 262.285 26.160 NA
Avg 261.980 35.168 | 3.606

Benchmarks with: are those with scalability approach applied.
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5rH-F---------- B wo/ compact fault parallelism |- === - =
B w/ compact fault parallelism

Excution time (s)

bl7 bl7.1 b20 b20.1 b2l b2l 1 b22 b22.1

Benchmark

Figure 3.4: FSIimGPs execution time w/ and w/o cf-parallelism.

3.5.2 Characteristics of FSImGP

In this section, we will explore and analyze three charaties of FSImGP. It is noted that we
only select the benchmarks with similar computational £sstthat they can be fit into the same

bar-chart. Other benchmarks also show similar charattis

Compact fault parallelism

As shown in Table 3.1, the number of the compact faults is mbubalf of the collapsed faults.
Figure 3.4 shows that with cf-parallelism, FSimtG#®uld achieve more than3speedup against
the one without exploiting compact fault parallelism. Asatpof future research, we intend to
investigate a new method to generate the fault list so thaemallapsed faults could be mapped
to one gate. Therefore, the cf-parallelism factor couldargdr and FSimGPcould achieve more

speedup.
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Table 3.3: Runtime in steps

Bench Ru_ntimes_(in seco_nds)

Total | Init. | Sim. [ Fsim.| Tran.
s9234 || 0.072|| 0.046| 0.011| 0.013| 0.002
s13207(| 0.103|| 0.045| 0.018| 0.037| 0.003
s15850( 0.131|| 0.045| 0.021| 0.061| 0.004
s35932(| 0.122]| 0.045| 0.037| 0.032| 0.006
s38584| 0.158| 0.045| 0.043| 0.062| 0.007
s38417| 0.166| 0.046| 0.048| 0.064| 0.008
b17 1.402| 0.046| 0.067| 1.266| 0.022
b171 | 0.831| 0.046| 0.081| 0.686| 0.017
b18 6.929( 0.064| 0.460| 6.330| 0.071
b20 0.736| 0.045| 0.041| 0.636| 0.013
b20.1 || 0.445| 0.046| 0.029| 0.360| 0.009
b21 0.739]| 0.046| 0.041| 0.638]| 0.013
b211 | 0.457| 0.046| 0.029| 0.373| 0.009
b22 0.946|| 0.046| 0.060| 0.819]| 0.019
b221 | 0.593| 0.046| 0.044| 0.488| 0.013

Static and Dynamic load balancing

52

Load balancing can be critical in parallel computing. We pane the FSimGPagainst two ver-

sions, the static one in which fault pairs are evenly disted and assigned to different blocks

before simulation and the unbalanced one in which compattsfare randomly distributed to dif-

ferent blocks. In all cases, the numbercgk assigned in each block are equal. As mentioned in
Section 3.4.5, large number bHfand! are set ag0 to avoid frequent atomic operations. FSintGP

changed. to 1 when less thadx k CFs are left to distinguish. Figure 3.5 shows that the onk wit

dynamic balancing is nearly2faster than the static version. Also, the tool without loathhcing

is at least three times slower than the original FSirh@®metimes the speedup could be greater.

The consistent speedup achieved for all circuits demaestthe value brought by dynamic load

balancing.
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Figure 3.5: FSIimGPs execution time with different load schemes.
Parallelism factor

We observed that the performance of FSid@Buld be influenced by changing the pattern-
parallelism factort, the number of threads in each block and the block-parsftefactork, the
number of blocks allocated on GPU. Figure 3.6 compares theceparios with different assign-
ments to these factors. The execution time in scenaria)lig twice as much as that k2. This is
because our GPU card is equipped with 30 streaming mul@égsmrs (SMs) and each SM can be
mapped with more than one block. By assigning two blocks ¢ &M ins2, CUDA could inter-
leave their execution and mask most of the time spent whilenggor data from device memory,
thus reducing the execution time by more than 50% acrossethehonarks. Finally, the configura-
tion of s3 achieves the best performance in our experiments. For escpact fault, since onlg4
test vectors are applied at a time, those easy-to-detdts fe more likely to be detected by the
first 64 vectors. Compared witk2 in which 256 threads are simulated3 saves the resources for
thosel92 threads which could now be applied for the other faults. heotvords, more threads in

one block may not necessarily be better. Sisiz¢hreads of avarpis running concurrently under
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B si1: 256 threads, 30 blocks
T M s2: 256 threads, 60 blocks |~ """ s -
[ s3: 64 threads, 240 blocks

Excution time (s)

bl7 b17.1 b20 b201 b2l b21.1 b22 b22.1

Benchmark

Figure 3.6: FSIimGPs execution time with different parallelism factors.

SIMT architecturet should be a multiple a$2 for maximal benefit. We did not reduce the number
of threads to 32 because most of the easy-to-detect fauli&dvetill need more than the first 32

vectors to be detected.

Scalability

With the memory scalability approach described in Sectidne3 FSimGP is capable of simulat-

ing large circuits that need more memory than is availablghis experiment, we conservatively
set the total available device memory as 950 MB to leave sdorage for CUDA needs, GPU
device drivers, and desktop display. Table 3.4 shows thehearks with scalability applied. Col-
umn 2 lists the original memory usage before scalabilitye Tbmmon size of fanout region for
all the compacted faults is given in column 3 and 4. Columrs@ lihe size before scalability ap-
plied which is the maximum fanout region (FR) size while thehown in column 4 is the bound
calculated by FSimG#Pto reduce the total memory usage to total memory. According, tthe

compacted faults are partitioned into two groups, the onle &fanout region smaller thahlisted
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in column 5, and the one with biggey; listed in column 6.

As an example, the memory usage of benchmaglbefore scaling is 1.38 GB which exceeds
950 MB. After we set the fanout region bousdo be 11841 instead of the originalax(s.s) of
18936, the total memory consumption reduced to 949 MB whashfit into total memory. Also,
only 48 compacted faults have a large fanout region and reeéé simulated by fewer threads
(t2 = 32) concurrently. Another benchmark8 falls into case 2 as discussed in Section 3.4.6
with an original memory usage of 1.9 GB. We patrtitioned thmuinvectors into two P = 2) parts,
reduced the cf-parallelism factérto 120 (originalk is 240) and set the FR bourttto be 12180
(maz(s.s) is 17033). Consequently, the total memory usage is reduc@dd MB.

We note that that the performance should be affected by Hlalstity approach. However, in both
two cases, FSimGPRachieves 31.782 and 53.84& speedup over FSIM [1]. We investigated the
impact of scalability approach case by case. In case 1,wdththe pattern parallelism factors
reduced fronb4 to 32, the performance was not affected much as long as all thadbreithin
one warp ran together. Moreover, the number of faults witargd size of fanout region, is
limited. For example, only 48 compacted faults in benchnm#? need to be simulated with a

smallt instead of the original 35872 faults.

Case 2 introduces the communication overhead between #teahd the device among several
passes of simulation. However, our experimental resuttevghat for benchmark 48, the over-
head between the simulation of two partitioned inputs iy 0rd1154 seconds which is relatively
small compared with the simulation process. Table 3.3 shbaisfor all circuits, the total trans-

mission cost is small.

We estimated that theé GB device memory is insufficient to store large size of fanogiae
(s¢r) with more than one million gates. The reason is that theuttireetlist, true and faulty logic
values have to be stored on-board to achieve high bandwidihghput. However, it is noted that
with the recently announced Tesla GPU server s2070 [73]ihgugp to 24 GB GDDRS5 device
memory, we can simulate even larger benchmark before wetoesgaply the scalability methods.

Moreover, as a future work, the simulation based on stenonggi[47] may help to further reduce
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the memory requirement.

Table 3.4: Memory scalability

Mem SFR #cfs
(MB) | maz(scs) | S small | large
b18* | 1920 17033 | 12180| 152323 6
b20 960 13180 | 13003| 25496 | 10
b21 984 13529 | 12960| 25653 | 16
b22 | 1385| 18936 | 11841| 38013 | 48

Col. 2 - the original memory consumption before scalability

bench

Col. 5/6 - # cfs whose fanout size is smaller/larger than

*In b18, we also partition the test set and tune parallelisstofa.

3.6 Chapter Summary

In this chapter, we have proposed FSiniG&n efficient parallel fault simulator with GPGPU.
FSImGP achieves high algorithmic efficiency by exploiting the placomputation power of
GPUs with a novel three-dimensional parallelism technigBattern-parallelismharnesses the
bandwidth throughput of GPUs where thousands of threadsxaaiting simultaneously. With the
novel concept of compact fault set (CF8fparallelismhelps to achieve a speedup of 3Block-
parallelism enables the concurrent simulation of different compacli$aamong blocks which
utilizes the high computational power of the many-coreeaystThe proposed dynamic load bal-
ancing approach also results in an efficient utilizationhaf available SMs. Experimental results
showed that FSimGReould achieve an average of 25.576nd 3.606< speedup when compared
with two previous GPU-based fault simulators. MoreovenniSP is also 35.168 faster, on
average, than a state-of-the-art sequential fault siroylatith a maximal speedup of more than

95x.



Chapter 4

Parallel Diagnostic Fault Simulator

4.1 Chapter Overview

In this chapter, we present an efficient diagnostic faulusator based on a state-of-the-art graphic
processing unit. Diagnostic fault simulation plays an imi@ot role to identify and locate the
causes of circuit failures. However, today’s complex VLBt@its pose ever higher computational
demand for such simulators. Our GPU based diagnostic famlilator (GDSim) is based on a
novel two-stage simulation framework which exploits higimputation efficiency on the GPU.
The fault pair based simulation is proposed to overcomeithiégeld capacity of GPU memory
as well as achieve a substantial fine-grained parallelismltiN&ult-signature and dynamic load
balancing techniques are introduced for the best usagengbating resources on-board. Experi-
mental results demonstrate a speedup of up to1@ilith average speedup of 38.43compared

to a state-of-the-art CPU-based diagnostic fault simulato

The rest of the chapter is organized as follows. A brief idtrction is given in Section 4.2. In
Section 4.3, we review the previous work related with diagjicofault simulation. Section 4.4
outlines a high-level process view of the proposed methdd,andetail description of some critical

approaches. The experimental results are reported indBetth. Finally Section 4.6 concludes

57
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the chapter.

4.2 Introduction

Fault diagnosis, a process of locating defects in a detectivp, plays an important role in today’s
very-large-scale integrated (VLSI) circuits. The mantfaag defects are becoming more subtle
due to rapidly diminishing feature sizes and complex faiim processes. To improve yield,
such defects could be identified and located using faultrdiaig followed by rectification with
visual inspection or electron-beam probing. For a circumitter-diagnosis (CUD) in the presence
of modeled faults, the process of evaluating diagnosti@lsgipy of the givenN test patterns
is called diagnostic fault simulation. In addition to measg diagnostic capability, diagnostic

simulators can also help to accelerate automated diagradtern generation (ADPG).

In the past, significant efforts have been devoted to actelénis process [19, 23, 82]. While fault
simulation could already be expensive on industry-sizecuis, diagnostic fault simulation can
often cost one to two orders of magnitude higher. Furtheemibre computational requirements
increase significantly with the increasing size of the atr¢hence increasing number of fault
pairs). Therefore, there is a need for efficient diagnostidtfsimulators that are able to handle

large designs with extremely large test sets.

In this chapter, we present a fine-grained GPU-based diéigrfaslt simulator (GDSim). The

main motivation is to harness the computational power of &Rlteduce the total execution time
without compromising the output fidelity. Experimentaluks show that GDSim achieves one
to two orders of magnitude speedup in comparison with a-siatee-art CPU-based diagnostic
fault simulator and a sequential version of the GPU-basqadementation. We summarize our

contributions as follows.

e To the best of our knowledge, this work is the first that acgedés diagnostic fault simulation

on a GPU platform.



Min Li Chapter 4. Parallel Diagnostic Fault Simulator 59

e We introduce a two-stage simulation framework to efficigntilize the computation power
of the GPU without exceeding its memory limitation. Firsfaalt simulation kernelk,;,,)
is launched to determine the detectability of each faulterTthe detected faults are dis-
tinguished by the fault pair based diagnostic simulatiomé (k4,,). Both kernels are

parallelized on the GPU architecture.

e In the kg, kernel, multi-fault-signature(MFS) is proposed to facilitate fault pair list gen-
eration. MFSs can be obtained directly from the paralleltfaumulation without intro-
ducing any computational overhead on GPUs. By clever sefedf the size of the MFS
(SIG_LEN), GDSim is able to reduce the number of fault pairs by 66%.

e The fault pair based diagnostic simulation kerrgl,;, exploits both fault pair- and pattern-
parallelism, which allows for efficient utilization of memyobandwidth and massive data

parallelism on GPUs.

e In k4, dynamic load balancing is introduced to guarantee an evakl®@ad onto each

processing elements.

e We applied GPU-oriented performance optimization stiagegn GDSim to ensure a max-
imal speedup. Global memory accesses are coalesced to@ohé&imum memory band-
width. The maximum instruction bandwidth is obtained byidiray branch divergence.
GDSim also takes advantage of the inherent bit-paralletislogic operations on computer

words.

4.3 Background

4.3.1 Diagnostic Fault Simulation

A diagnostic fault simulator computes the diagnostic céjplof the given test vectors. Our pro-

posed approach targets on full-scan gate-level circudsaasumes the single stuck-at fault model.
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Given a large set of random vectors, our GDSim is to obtainrandrd all the indistinguishable

fault pairs from a collapsed fault list.

The diagnostic capability could be evaluated by severalsores such adiagnostic resolution
(DR), the fraction of fault pairs distinguished [17], addéhgnostic power (DR)the fraction of
fully distinguishable faults [17]. Here, two faulfsandg in a combinational circuit are said to be
distinguishablef, for at least one input vector, the responses of corregipgrcircuits are different
on at least one primary output (PO). To provide a more acewiagnostic information, the authors
in [50] have proposed a third measuiguivalence Class (EGyhich identifies sets of equivalent
faults under given test patterns for a circuit. Siatlehe indistinguishable fault pairs are recorded
by our GPU-based simulator, EC could be computed in lineae tiAlso, the measures, DP and
DR, can be computed from the sizes of indistinguishableselasn EC. Therefore, GDSim is

capable of providing all the above diagnostic measures.

4.3.2 Previous Work

In [19], an algorithm called “multiway list splitting” foramputing EC (of stuck-at faults) is pre-
sented. Initially the EC is a class including all the faulsr each test vector, all the faults are
simulated and their corresponding outputs are recordedcéighe faults with the same output
vectors are grouped into the same set which divides thenali§C into several smaller subsets.
The EC is obtained when all the vectors have been simulatée. atithors in [23] proposed a
distributed approach to get the indistinguishable faslt (IFL) that stores the faults which are
indistinguishable from each fault. All the machines runmaikir fault simulator to maintain the
IFL. Although significant speedups are achieved for bothhme@$ mentioned above, they are not
applicable to the CUDA architecture due to the expensivballeynchronization between blocks
as well as the infeasible operations of dynamic list. Finalihce thousands of test vectors are sim-
ulated concurrently on GPUs, the storage of the correspgralditput vectors for a large number of
faults within the same set will cause memory explosion orGR&J. To overcome this, our GDSim

targets at fault pairs where each thread block simulatesamgpare®nly two faults concurrently.
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The fault pairs are generated based on indistinguishabliesfets obtained from the initial parallel
fault simulation on the GPUK(;,,). Such a strategy takes advantage of the GPU’s large memory

bandwidth and high computational power while avoids the wmgrimitation on-board.

A fault table generation on GPUs is proposed in [39] which rbayused for fault diagnosis.
The fault simulation algorithm based on the parallel-pat@ngle-fault propagation (PPSFP) is
mapped to the CUDA architecture. Although the fault tableldde used to differentiate faults,
it is unnecessary to simulagdl the test vectors because the complete fault table is anidverk
evaluate diagnostic measures such as EC. Moreover, orgg trexctors that detect the faults are
recorded in [39]. Such information without the exact cqomsding output vectors is insufficient

to fully distinguish two faults.

4.4 Proposed Method

In this section, we first present some definitions, followedthe two-stage framework of the

proposed diagnostic fault simulator and the dynamic lodarnzang technique.

Definition 9. The gate on which a set of faults are located is definethalky gate(FG). For the
group of faults on the same gate, only the gates in the faregibn (FR) beyond FG need to be

evaluated during fault simulation. The set of gates in tm®td region is termed as FR.

Definition 10. Thefault signaturgFSIG) for a faultf is defined as a pair fsigv,p), where the
faults are excited by thé®vvector and its faulty value is propagated to tHé PO of the circuit.

Since the faulty value may be propagated to several POs dfitb@it and detected by multiple
vectors, we define multiple-fault-signatureset for a faultf as MFS (k) which records théirst k
FSIGs. The FSIGs detected by the same vector but at diffe@stare sorted by, the indices of
POs.

Definition 11. Two faultsf1 and f2 with the same size of MFS: MIrgk), MFS,(k), are distin-

guished if at least one of the corresponding FSIGs differ.
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Assume that thé¢" FSIG, fsig(v1,pl) and fsig,(v2,p2), differ while the firsi — 1 components
of the MFSs are the same. Case 1£v2. Without loss of generality, assuming < v2, we know
that f1 is detected by vectarl while f2 is not. Thus the fault pair could be distinguished:dy
Case 2pl1 = v2, pl#p2. Assumepl < p2 without loss of generality. Because all the fifst 1
FSIGs are the same for both faults and they are sorted witiece$o the PO indiceg,2 cannot be
detected at PQ@1 by vectorv1l. Hence, these two faults are distinguishable byt POp1.

4.4.1 Framework

The high-level flow of GDSim is shown in Figure 4.1. At the begng, the CPU reads in the
circuit netlist and generates its collapsed fault list. Tisieof faults will be grouped with respect to
their locations. For the faults on the same gate, its faregion (FR-¢) is processed by a breadth-
first search from the faulty gate location in a forward lexeti manner. Then, the test vectors and
all the fundamental dataincluding circuit netlist, fault list with correspondingR ¢, and input
vectors, will be transferred to the GPU. A GPU-based fauligatork,;,, is launched as Kernel 1
on the GPU. Itis an extended version of the simulator implaexkfrom [54] with MFSs recorded
which will be used to sort the fault list by Kernel 2. The sdrfault list will be transferred back
to the host and the CPU will generate the list of fault pairsfiwther analysis. After the GPU
receives the fault pairs to be simulated, the third kekngl, is launched. We run the given test
vectors on each fault pair until the two faults are distiistpeid. If no pattern is able to distinguish
a fault pair, it is also recorded. Finally, the informatiohtlee complete list of indistinguishable
fault pairs can be used to obtain diagnostic measures sue@ aad/or provide a set potential fault

locations.

Faulty Gate based Parallel Fault Simulation ¢.;,,)

For a faulty gatef g, each gate in FR will be fault-simulated witht vectors, processed ethreads

in one block. To inject the fault, we jusbmplementhe fault-free value of the faulty gate for all
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Figure 4.1: The framework of GDSim.

t vectors and store them in thg,, array in the global memory. After the simulation of all the
gates in FR,, the simulator will check whether each collapsed fault anFiG is excited by the

corresponding set of vectors. If the fault is excited andeast one faulty value of the outputs
fva is different from the fault-free values (obtained from tmevpous parallel fault-free simulation

and saved in the global memory), the fault is considered gt and its signature is recorded
in fsig array. Ifall the collapsed faults in the currefiy are detected, the next faulty gate will
be processed in the block. Otherwise, anotheectors will be simulated until all the given test

vectors have been simulated for the
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Given the above discussion, our approach simulates a satké$ bon the same FG undevectors
concurrently. The simulator records detection informatis the multi-fault signatures. We set
an upper bound of the MFS size as SIGN so that the signatures of fauff includes at most
SIG.LEN FSIGs. Such MFS mechanisms will not cause any overheamiinmplementation
because we are simulating only for the faults yet to be dedeictfg. However, it is not the case
in single fault based simulation because more simulati@ve o be performed to get multiple

signatures for a single fault.

After simulating all the FGs, the simulator will call Kerrzlwvhich is a parallel radix sort program

provided in CUDA software development kit (SDK) [72] to stire fault list.

Fault pair based Parallel Diagnostic Fault Simulation ¢iq)

To utilize memory bandwidth and massive data parallelisamirefficient way, our diagnostic fault
simulator exploits bottault pair- and pattern-parallelism Namely, we simulate multiple fault
pairs over multiple test patterns at a time. As illustrategligure 4.2, théV,,, fault pairs (FPs) are
distributed ontd: thread blocks running concurrently on the GPU. Each bloldcatest threads
simulatingt /2 test vectors for one fault pair in parallel;2 threads process fauft and the other
t/2 threads process the other fafitof the pair. For exampléjock; in the figure is assigned with
fpi,» which includes two single faultg; and f,. The first half of the threads deal witfy while

f2 i1s simulated by the rest of the threads. SiA2ehreads within a warp are running together, the
branch divergence is prevented as long /@sis a multiple of32. All the fault pairsdynamically

assigned for one block are processed sequentially.

As we mentioned before, the fault set based simulation ihifli®ot applicable here because of the
memory limitation on GPUs. Since a certain fault set may @ontnore than one hundred faults
and we are simulating thousands of vectors concurrentlp@&PU, the storage of all those faulty
signatures on GPUs for comparison can become very largeetawby distinguishing fault pairs

separately, the storage of signatures is no longer needddya@ only need to compute the faulty

value of POs fromf,, array. Also, our experiments show that the number of faultsp@a be
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distinguished is small when the MFS (as opposed to a singl@)HS employed.

All the threads within a block are synchronized by expla@tihe sync barrier function provided in
CUDA. Then, for each group df/2 test vectors, another kernel will be launched on the fjf8t
threads to check the output responses for the two faultsidfad the threads detects a differences
on a certain output, a local distinguishable flag is set. Galidbe threads have finished, a parallel
reduction kernel is launched to determine if the fault padistinguished by any of thg2 vectors.

If it fails, anothert /2 vectors will be launched until all the test vectors are sated for this pair.
At the end, GDSim will record the indices of those fault paitsich were not distinguished and
send it back to the CPU.

v

In serial

..fpi(fl, fz)__

fy” -5

Block; —» fpl fpk+2 fp, TID; — V(i,1) ¥ TIDyz+1
TID, #— V(i,2) | TIDyz+2

Blocky fpo fpk+1 fpi-l

+——In parallel——

| TIDyz f—{V(iU2) | TID, |

Blocky —¥ fpx | fpak |- prfp

Figure 4.2: Parallel diagnostic simulation architecture.

4.4.2 Dynamic Load Balancing

Since global synchronization among blocks is expensiveeutite CUDA architecture, a static
load balancing strategy seems promising where all the frits are evenly distributed to each
block. However, we found that even if an equal number of FPsevedlocated among all the
blocks, the variation in the work load could be substansisice the work load for a given fault
pairs is hard to estimate (each pair may require a differantlver of test vectors before they are
distinguished). Thus, we propose a novel dynamic load balgrstrategy instead. GDSim exploits

the atomic function provided by CUDA to maintain a globallfauair counterent. Initially, all
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the blocks are assignedfault pairs to distinguish. Once a block finishes the simatabf its
assigned FPs, it will claim anothér FPs and atomically add to cnt. A small L may diminish

the performance because the atomic writing is an expenpeeation on GPU. Also, a bi§g may
cause an unbalanced work loading if the assighd€Ps are all hard-to-diagnose. Therefore, we
propose a dynamic load balancing strategy wheig dynamically tuned according to the number
of remaining fps to be simulated. We initially set a lafgeto avoid too many expensive atomic
operations, and later redudeto 1 for when few FPs remain so that any workload imbalance is

minimized during the final stages of the simulation.

4.5 Experimental Results

We evaluated our diagnostic fault simulator’s performaanea set of large ISCAS89 [15] and
ITC99 [27] benchmarks. The experimental platform considta workstation with Intel Xeon
3 GHz CPU, 2 GB memory and one NVidia GeForce GTX 285 graphid ea introduced in
Section 2.1.1. We randomly generated 10 sets of 32,768 &éesvng and applied them to all
the circuits for diagnostic fault simulation. Ten runs weerformed to obtain an average run
time. To evaluate the correctness of our simulator, thetesere verified with an efficient CPU-
based diagnostic fault simulator [19]. The number of bld@ghdaunched was set tt20 with 128
threads{) running on each block. As discussed in Section 4.5.2, thassmmeters are determined
according to the characteristics of the GPU and CUDA archite for GDSim to achieve the best

performance.



Table 4.1: Comparison with other tools.

# Faults # Pairs Run time (seconds) Speedup

Circuit | # Gates
Total FG | Undet.|| Total | Dist. | Indist. || GDSim,, | MLS [19] | GDSim Seq MLS [19]
s9234 | 6094 || 6927 | 3746 | 905 3748 | 2254 | 1494 13.892 6.302 0.234 || 59.260 | 26.885
s13207| 9441 || 9815 | 4638 | 354 5068 | 2942 | 2126 16.132 7.440 0.297 || 54.405| 25.091
s15850| 11067 || 11725| 5725 842 6426 | 3546 | 2880 42.527 12.671 0.943 45.116 13.442
s35932| 19876 || 39094 | 13746| 3985 || 19023 | 6130 | 12893 146.002 | 61.343 | 0.507 || 288.096| 121.043
s38584| 22447 || 36303 | 16895| 1714 | 9479 | 6661 | 2818 38.855 21.549 | 0.500 || 77.774 | 43.133
s38417| 25585 || 31180| 14584 | 1597 || 15789| 10878 | 4911 177.288 34.876 0.981 || 180.701| 35.547
b15 9371 || 21988 | 10273| 3419 || 13425| 9240 | 4185 || 339.677 | 81.120 | 5.355 || 63.427 | 15.147
b151 | 13547 || 28999 | 14550| 8535 | 12900| 5881 | 7019 || 205.051 | 90.371 | 2.564 || 79.980 | 35.249
b17 33741 || 76625| 38236 | 16162 || 41455| 22384 | 19071 | 1398.910| 570.040 | 15.644 | 89.422 | 36.438
b17.1 | 41080 || 88098 | 46519 | 25294 || 43418 | 18940 | 24478 | 1040.370 | 442.387 | 9.980 || 104.245| 44.327
b20.1 | 14933 || 33255| 18097 | 2803 | 10753| 7368 | 3385 || 167.268 | 84.851 | 3.032 || 55.166 | 27.984
b211 | 14932 || 32948 | 17802| 2773 | 10138| 6787 | 3351 || 171.103 | 97.978 | 2.775 || 61.669 | 35.313
b221 | 22507 || 49945 | 25544 | 4148 | 15840| 11119| 4721 || 308.817 | 159.194 | 3.985 || 77.490 | 39.946
Avg 95.135 | 38.427

I'TuIn

JoJe|nwis 1ne- ansoubeiqd [ajfesed ‘v 4a1deyd
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45.1 Performance Evaluation

Table 4.1 compares our GPU-based diagnostic fault simu{@BSim) with its own sequen-
tial (non-parallel) version (GDSigm,) and a "multi-way list splitting” (MLS) algorithm proposed
from [19]. Both of these two methods are implemented an@tesh the same platform as GDSim.
In Table 4.1, Column 1 lists the benchmarks. The number edsggahd the number of collapsed
faults are listed in columns 2 and 3, respectively. Columistd the number of faulty gated/¢-¢;);
recall that each FG denotes a group of faults on the same @atemns 5 and 6 give the number
of undetected faults and the number of fault pairs, respalgti These fault pairs will be sent to
GPU for further pair-based diagnostic fault simulationisihoted that the pairs consisting of two
undetected faults are not included because all those aadglidentified as indistinguishable by
the test set. The size of MFS (SIGEN) is limited to 3 in our experiment. SIGEN are ex-
perimentally determined and will be discussed in Secti®n24.After pair-based simulation, the
number of obtained distinguishable (indistinguishabkaygpby the total 32K testing vectors are
presented in Column 7 (8). Columns 9 and 10 list the exectitio@in seconds for GDSigy, and
MLS [19], respectively. The time obtained from our parafishulator GDSim is listed under col-
umn 11 which includes the GPU computation time, the comnatitio overhead between the host
and the device and the pre-processing tasks run on the CRUspgdedups obtained by GDSim

against these two tools are listed under columns 12 to 13.

Consider circuit s35932, which has more than 20K gates aKdc88apsed faults. With multi-
signatures fault simulation, onl\9023 fault pairs need to be simulated, among whi@B0 pairs
were distinguished ant893 pairs indistinguishable by the 32K random vectors. GDgjitook
146 seconds to complete, while MLS proposed in [19] tédkseconds on the CPU of the setup.
Our GDSim on GPU took only.51 seconds. This i288x, 121x speedup over these tools,

respectively.

We note that GDSim has the smallest speedup for s15850. S'bécause of the low percentage of
indistinguishable faults pair2§80 out of 6426). Therefore, the number of computations needed

for sequential diagnosis simulation is reduced greatlyother words, the distinguishability of
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most pairs in s15850 were easy to be determined. This costdeadplain the highest speedup
gained for circuit s35932 since there are nearly 70% intdistishable fault pairs and thus the

simulation requires more computational resources.

To further examine the performance of GDSim, we appliedvestors generated by a well-known
automatic test pattern generator, ATOM [40]. Figure 4.3&hithe execution time between GDSIim
and MLS [19] with different sizes of test sets applied forcait b17.1. A speedup oR3.13 is

achieved when applieti’83 test vectors which are all generated by ATOM. After appegdan-

dom vectors to get a total 82768 test vectors, GDSim i$6.86 x faster. More speedup is achieved
by GDSim with larger test sets because of the increasing atatipnal effort required especially
for those indistinguishable pairs. It is also noted thahliobls take longer execution time than
those listed in Table 4.1. This is because the high-quallty @ vectors detect more faults which

increase the total number of fault pairs that need to bengjsished.

4.5.2 Characteristics of Diagnostic Fault Simulator

In this section, we will explore and analyze three charaties of GDSim.

Dynamic load balancing

We compared our GDSim against its static version in whiclit faairs are evenly distributed and
assigned to different blocks before simulation. In bothesashe configurations of CUDA and
fault pair candidates are identical., and I are set ad0 to avoid frequent atomic operations.
GDSim changed. to 1 when less tha@xk FPs are left to distinguish. Figure 4.4 shows that
the one without dynamic load balancing is at least four tislesver than the original GDSim.
For benchmark s15850, it waisl5 secs without dynamic load balancingx slower than with

dynamic load balancing.
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Multi-signature

Table 4.2 show that recording different size of MFSs can laaveffect on the number of fault
pairs that we need to simulate. Column 2 to 7 list the numbgraofs with respect to different
values of SIGLEN. By increasing SIGLEN from 1 to 2, we observe that the number of pairs
reduces by roughly 66%. By continuing to increase the_BEB beyond 3, the reduction in the
number of fault pairs also slows which may diminish the penfance due to the overhead of
storage/comparison between larger signatures. Figurehb®s the execution time in terms of
SIG_LEN. The top graph is for the sequential version of GDSim e/iie bottom graph for the
original tool. As mentioned in 4.4.1, for GDSjm, increasing SIGLEN could not help due to the

expensive computing overhead to obtain MFSs. Howeverjghmst the case of GDSim.

Table 4.2: Number of faulty pairs with different SIGEN.

# faulty pairs with different SIGLEN

1 2 3 4 5 6

9234 | 11829 | 5199 | 3748 | 3242 | 3032 | 2931
s13207| 13753 | 6415 | 5068 | 4710 | 4550 | 4437
s15850| 15106 | 7541 | 6426 | 5930 | 5564 | 5353
s35932| 46270 | 21617 | 19023 | 17717| 17391| 17246
s$38584| 22896 | 11816| 9479 | 8510 | 7889 | 7516
s38417| 44988 | 19976| 15789| 13442| 12241| 11614
b15 | 46400 | 18390| 13425| 11199| 10143| 9379
b151 | 39004 | 16614 | 12900| 11676| 11180| 10892
b17 | 146354| 55838| 41455| 35771 | 33524 | 31959
b17.1 | 119748| 53484 | 43418| 40211| 38592| 37789
b20.1 | 66907 | 18671| 10753| 8341 | 7278 | 6741
b211 | 64496 | 17920| 10138| 7675 | 6849 | 6363
b221 | 95300 | 26984 | 15840| 12075| 10635| 9854

Bench

Parallelism factor

We observed that the performance of our GDSim could be infleerby changing the pattern-

parallelism factot, the number of threads in each block and the fault pair-fgdisah factork, the
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Fig. 4.5: Execution time with respect to different SLEN.

number of blocks allocated on GPU. Figure 4.6 compares fomarios with different assignments
to these factors and shows that the configuratios3adchieves the best performance. WHes
test vectors are applied at a time, those easy-to-diagraisegpe more likely to be distinguished by
the first64 vectors. Compared witk2 in which 256 threads are simulated3 saves the resources
for those64 threads which could now be applied for the other pairs. Irowords, more threads
in one block may not necessarily be better. Also, with aifyhreads launched in each block and
16 vectors being simulated at a time, the performance is dshed greatly because the warp of

32 threads are divided into two parts for each fault, and thégwviodifferent branches.

4.6 Chapter Summary

In this chapter, We have proposed a high-performance padidignostic fault simulator based on

GPUs. Our simulator achieves high algorithmic efficiencyelploiting the parallel computation
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power of GPUs with a novel FG-based and FP-based parallelismproposed dynamic load bal-
ancing and multi-fault-signature approaches also reaudni efficient utilization of the available
computational resources. Experimental results showad3bé&im could achieve an average of
38x speedup when compared with a state-of-the-art sequeatitildiagnostic simulator. More-
over, GDSim is also 95 faster than its sequential implementation based on colmr&ifprocessor

architectures.



Chapter 5

Parallel Reliablity Analysis

5.1 Chapter Overview

In this chapter, we present a parallel reliability analysis of logic circuits on GPUs. In nano-
scale technologies, the reliability of logic circuits is e@ming as an important concern due to
the reduced margins to both intrinsic and extrinsic noisee Fomputational complexity of reli-
ability analysis increases exponentially with the size afrauit, making the previous analytical
approaches intractable for large circuits. RAG, an efficpamallel Reliability Analysis tool based
is a fault injection based parallel stochastic simulatoplamented on a state-of-the-art GPU. A
two-stage simulation framework is proposed to exploit tlghltomputation efficiency of GPUs.
RAG also achieves high memory and instruction bandwidthdiyntzing the parallel execution on
GPUs. With a novel memory management, RAG could accuratedlyae the reliability of large
circuits without sacrificing computational occupancy onUsSPExperimental results demonstrate
the accuracy and performance of RAG. A speedup of up to<7@8 47% (with average speedup
of 353.24x and 116.04) is achieved compared to two state-of-the-art CPU-basprbaphes for

reliability analysis.

The remainder of this chapter is organized as follows. Aflaniggoduction is given in Section 5.2.

74
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Section 5.3 presents a background in reliability analysiiiding metrics and related works. Sec-
tion 5.4 outlines a high-level process view of the proposedhwod, with a detail description of
some critical approaches. The experimental results amtexpin Section 5.5. Finally Section 5.6

summarizes the chapter.

5.2 Introduction

Reliability analysis, a process of evaluating the effedteroors due to both intrinsic noise and
external transients at individual transistors, gatesy@iclblocks on the outputs of the logic circuit,
will play an important role for both today’s and tomorrow'ano-scale circuits. The probability
of error due to manufacturing defects, process variatigingaand transient faults is believed
to sharply increase due to rapidly diminishing feature siaed complex fabrication processes
[45, 63, 100, 13, 14]. Moreover, the non-deterministic elsteristics of novel devices such as
carbon nanotubes, silicon nanowires and molecular el@icsanake the circuit more vulnerable
to these effects. This necessitates an efficient religitahilysis tool which is accurate, robust and

scalable with design size and complexity.

Due to the exponential number of input combinations and fiffeeulty to model gate failures,
the reliability analysis of logic circuits is computatidiyacomplex. Exact analysis methods, using
probabilistic transfer matrices (PTMs) [48, 49] and prabstiic decision diagrams (PDDs) [1], can
provide accurate reliability evaluation. Several anaysuristics, on the other hand, have been
proposed to generate a highly accurate reliability estomatsuch as probabilistic gate models
(PGMs) [24, 94, 41], Bayesian networks [86] and Markov rand@lds [8]. However, they all
suffer from the problem of exponential complexity and aexdiiore practically infeasible for even
mid-size circuits (with more than ten thousand gates). Augition scheme based on stochastic
computational models (SCMs) is proposed in [22]. Althougd approach advances in the linear
computational complexity and high accuracy, it requirggiicant runtimes for large benchmark

circuits to get an accurate estimation.
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In this chapter, we present RAG, an efficient Reliability Ms#s tool on GPUs. RAG is a fault-
injection based parallel stochastic simulator for logicweits. The main motivation is to harness
the computational power of GPUs to obtain a highly accumtelsility evaluation of logic circuits
within short runtimes. Experimental results show that RABiaeves one to two orders of magni-
tude speedup in comparison with the CPU-based analysis. téé# summarize our contributions

as follows.

e To the best of our knowledge, this is the first work that acetéss the reliability analysis of

logic circuits on a GPU platform.

e We introduce a two-stage hierarchical simulation framéwtorefficiently utilize the com-
putation power of the GPU without exceeding its memory latdn. All the fanout stems
in the circuit will be scheduled and processed in order. Withe fanout free region (FFR)
of each stem, all the logic gates are also arranged and gedutasequence. Highly paral-
lel execution is achieved by launching thousands of achiveatds which evaluate the same

logic gate but with different vectors.

e We formulated the device memory assignment for fanout seenasscheduling problem and
propose a greedy heuristic to reduce the memory requirefoei@PU based simulation.
Therefore, more threads could be launched on the GPU towachik occupancy. Also, the
overhead of data communication between the host (CPU) ardktrice (GPU) is minimized

by re-using the individual device’s memory.

e RAG maximizes the memory bandwidth by using the low-latesteyred memory for storing
the values of gates within the FFR of each stem. A post-oréertraversal algorithm is

employed to tackle the problem of limited share memory resesi

e A novel data structure for storing circuit netlist is deymad to exploit the memory hierarchy
of GPUs.

e We applied GPU-oriented performance optimization stiatetp ensure a maximal speedup.

Global memory accesses are coalesced to achieve optimabmdrandwidth. A high in-
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struction bandwidth is obtained by avoiding branch divaoge RAG also takes advantage
of the inherent bit-parallelism of logic operations on catgr words. The execution con-

figuration of each kernel launch is determined for efficiemilapping the algorithm on the

GPU.

5.3 Background

Based on fault injection and stochastic simulations itiatstd in 2.2.3, RAG is capable of provid-
ing all the above metrics fronV random simulated samples. Suppose, a numbeé¥ odndom
generated vectors are simulated and the fault free and/fenglic values for then outputs are
recorded a®);(j) andOs(j), respectively, where is the index of the outputs andis the index
of the vectors. Since a single sample is simulated by oneorandput vector, this work use the

termssampleandvectorinterchangeably.

Then, the probability of error for each outputan be calculated as:

6 _ DL 0i)2050)

52‘ = y 51
wheree; is the number of faulty samples on output
Similarly, the average reliability among all outputs,(f3 is represent as:
mo(1—4;
Ravg = M (5.2)

m

5.3.1 Previous Work

The authors in [48] employ probability transfer matrice$¥B) to capture non-deterministic be-
havior in logic circuits. Since the occurrence probabidifyeveryinput-output vector pair for each
level in the circuit has to be recorded, PTMs are not applecédr large benchmarks due to the

massive matrix storage and manipulation overhead. AlthdRigMs are extended to a reliability
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estimation using input vector sampling in [49], our ressl®w that RAG is more efficient and

can handle even bigger circuits with the same accuracy.

Three more scalable algorithms are proposed in [24] foabélty analysis, but for large circuits,
accuracy is achieved by constraining on error conditionghkvis the number of simultaneous
gate failures in the circuits (e.g., maximumgate failure can co-occur at any given time). In
the experiment results, the largest simultaneous gatardailis set t&. Also, to get an accurate
estimation of reliability, high correlation coefficients signal probability computation have to be
used to handle the reconvergent fan-out. However, the ithgos do not scale well for mid-size

benchmarks.

In [22], a traditional approach to reliability analysis isoposed that employs fault injection and
simulation in a Monte Carlo framework. Although the algonit is scalablepnly 1000 samples
are simulated with a relatively high execution overhead. @perimental results show that a large
sample size is required for logic circuits to obtain an aatareliability analysis. The simulation
overhead is caused by adding exclusive-or gates for evgig ttevice which makes the circuits
size two-times larger. Also, the random bit sequence géparduring Monte Carlo simulation

requires a significant amount of runtime.

In RAG, we parallelized the Monte Carlo based simulation angdlemented it on GPUs. No
exclusive-or gates are needed to add into the circuits. Astage hierarchical simulation frame-
work is proposed to efficiently utilize the computation powEGPUs. Memory usage is optimized
to achieve full computational occupancy and high memoryhaath on GPUs. Also, the process
of random number generation (RNG) is parallelized to mimarthe overhead. By simulating mil-
lions of samples on thousands of threads running simultessigon the GPU, RAG could achieve

a high accuracy of reliability evaluation for industry stzenchmarks within a short runtime.
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Figure 5.1: Fanout Stems and Fanout Free Regions.

5.4 Proposed Method

In this section, we first present some definitions, followsdtle two-stage framework of the
proposed reliability analysis tool. Finally, we will analythe memory assignment and scheduling

problem.

Definition 12. The fanoustemsn the combinational circuit are defined as those gates wibiem
than one immediate successor gates. Also, primary out@s) are considered as stems in
this work. When all these stems are removed, the circuit dvbal partitioned into independent
fanout-free regions (FFRsYVe denote a FFR region whose output is steas F'F' R(s). All these

remained gates are defined asn-stem gates this chapter.

Figure 5.1 illustrates a sub-circuit with 12 logic gate<liding POs). The netlist is levelized a
priori and the gates are indexed according to the ascenddeg of their levels. The circuit could

be partitioned into six fanout free regions (shaded in gcay)esponding with 6 stems (in green).
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5.4.1 Framework

The high-level flow of RAG is shown in Figure 5.2, where the t@lioxes denote the CPU work-
load, and the shaded boxes are the GPU workload. At the bagirthe CPU reads in the circuit
netlist and generates the list of stems with the correspgfdinout free regions. A post-order tree
traversal algorithm is employed to the arrange the sinutedequence of gates (non-stem gates)
within each of the FFRs. Because we only need to store thesstetues, the memory for the
FFRs can be shared, thus saving much space. After that, welfate another scheduling for the
simulation of stem as an optimization problem whose objeés to minimize the memory storage
of logic values needed. In other words, we need not allocamany to store the values for all
stems. Rather, storage of a stem’s value can be reused véretieNs successors (child stems)
have been evaluated. A greedy approach is employed in thexiating algorithm to help RAG
further reduce the memory usage so as to achieve a high bdttdavid full occupancy during sim-
ulation. Then, the scheduled circuit netlist represengeal lait stream is transferred to the GPU. A
GPU-based stochastic simulatey,,, is launched as Kernel 1 on the GPU. Thousands of threads
could be launched with each simulating a tgialandom vectors. To avoid branch divergence,
each thread within the same warp evaluates the same logicatiltaneously but with different
vectors. At the end of simulating each vector, the numbemrafire arrived at each output will
be recorded in vector on global memory. Since each thread maintains its own eeotovs, a
parallel reduction kernet,., is launched to compute the total number of errors for eachutsit
and transfer the summed @jpack to the CPU. The parallel reduction kernel is a modifiediva

of the one provided in CUDA software development kit (SDK2][7Finally, RAG will compute
the average error probability for each outputand theR,,, to give a comprehensive reliability

analysis of the logic circuits.

Circuit Netlist with a bit stream

The netlist of the circuit is an array of logic gates. Theigwences are decided according to a

two-stage pre-processed scheduling. The stems are sodedlang to a greedy algorithm and the
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Initialization:
1. Read circuit benchmarks
2. Generate Stems and FFRs

Transfer the data to the device

Kernel 1 (Ksim)

v Parallel Stochastic Simulation
Schedule gates evaluation of stems v
and non-stem gates Kernel 2 (Kreq)

Parallel Reduction

A

Compute the diagnostic measures Transfer results to the host

Figure 5.2: The framework of RAG.

gates within each stem are scheduled by a tree traversaithlgo Similar with what we proposed

in Section 3.4.3, Each logic gate is represented by a biigstrhere the first 32 bitsufnt g)
indicate the gate storage location on the GPU. It is notetthiegfirst bit ofg represents whether
the gate is a stem or not. As mentioned before, the logic saltithe stems are stored in the global
memory while those of the non-stem gates are stored in thedihaemory. The following 16 bits
denotes the type of the gatehprt type). The number of inputs are denoted as the next 16 bits
(short in,) and the following bits are divided inta,, integers representing the storage location of
all its fanins. Since the bit stringr{t * netlist) is stored in the texture memory, each thread will
fetch one entry of the stream. Therefore, the informatiothefnetlist is cached to maximize the

memory bandwidth.

Fault Injection based Stochastic Simulation £,;,,)

Algorithm 4 illustrates the implementation of kerriel,,, in detail. A totalt threads are launched
on the GPU. Each thread will be assignetectors and thus runsiterations to simulate all of
them. It is noted that in our actual implementation, eacbatiris simulating /emphtwo vectors at
a time to optimize the memory usage. For each iteration,dheduled stems and gates within the
corresponding FFRs will be processed in sequence. Thengeafligate information is optimized

by texture cache in Line 5. Although branches exist for défe gate types, no branch divergence
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Algorithm 4 k,;,,, — stochastic simulation kernel

Input:  wint xv, wint v, wint x netlist, float* 7, intt
Output: int *e

1: int g, short type, intip, int* in, int e;

2: tid = threadld(); { get global thread indgx

3: for all vectorsiep do

4.  for all gatej in netlistdo
5 texture_fetch(g, type,in,, in, netlist, j);
6: if gate type is Pthen
7 v[tid + gxt] = ve[tid + gxt] = RNG();
8 continue;
9: end if
10: if gate type is P@hen
11: e = bit_count(v[tid + gxt|Gve[tid + gxt]);
12: e[tid + gpoxt] = €[tid + gpoxt] + €;
13: continue;
14: end if
15: eval(v, v°, g, type, in,, in, netlist, j);
16: wint fault = generate_fault(T);
17: ve[tid + gxt] = ve[tid + gxt]® fault;
18:  end for

19: end for
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is introduced because all the threads within one warp arelating the same gate simultaneously.
Therefore, it is guaranteed that all the threads within Hrmaeswarp will be running on the same
branches but simulating different vectors. In line 15, wiktb@ functionewval to evaluate both the
faulty and fault-free model of the circuit and recorded th&e at locatiory in vectorsz andve,
respectively. In Line 16, the faults are generated by therallphrandom number generator (the
same used in Line 7) according to the error rate vectprThe implemented GPU based RNG is
similar with the one proposed in [96]. Faults are injectedlime 17 by flipping the logic values.
Since32 vectors are simulated on every thread concurrently, emomach output are counted in
Line 11 and added to the vectom Line 12. At the end of simulation of each vector, the number

of errors on each output will be recorded in veci@n the global memory.

Memory Requirement versus Performance

A typical requirement for good performance on CUDA is tha #pplication should use a large
number of threads. Also, the accuracy of the reliabilitylgsia by stochastic simulation depends
on a large number of samples. By simulating millions of saspVith thousands threads running
concurrently, RAG could achieve a high performance and racgu However, the number of
threads that could be allocated on GPUs are limited by not thd intrinsic constraints of the
CUDA architecture, but also the total memory limitatiavi,). According to our experiments, the
storage for logic values] and v, dominates the memory usage. If the total number of threads
launched on GPUs is the memory requirement would Bé, = V' x4 xt (each threads simulate 2
vectors at a time), wher¥ is the size of the space to starandv,. Therefore, in order to achieve

high performance and accuracy with the limited memory, vapse a method to redutée

5.4.2 Scheduling of Stems

Definition 13. For a circuit with n stems, represented as= {s1, s, ..., s,}, we define their

corresponding simulation slots &= {ay, as, . . ., a, }, and their storage location ofiand v, as
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G=1{91.92,---, 90}

First, we show that the ordering of stems can result in dsfiememory footprints. For example,
in Figure 5.1, if all six stemgs;,...,ss} are simulated in a levelized manner, we haye=
{1,2,3,4,5,6}. As noted before, the storage of a stem will be released dhite ehild stems are
processed. Therefore, we haye= {1,2,3,1,2,1}, V = 3. When we simulating,, all its fanin
stemsf; and f, will be free. Therefore, the storage locatiband2 could be released and reused
for the following stems. However, if we change the procegsequence ta, = {1,2,4, 3,6, 5},
we have the storage locations of the stemg,as {1,2,1,2,2,1}, V' = 2, in which we only need

2 storage spaces for simulating these six stems insteadTdierefore, a different ordering might

result in a different storage requirement.

Algorithm 5 greedy algorithm for stems scheduling
Input: wnt xxin, int xxout
Output: int xa
int *free, int* in_left, int* out_left;
int cnt=0; { the slot count
initialization();
for all stem sdo
if (|in;| = 0) s;—ready; { no fanin sten)
end for
while ready+#0) do
s = ready.pop_back(); { greedily pick the sterp
als] = ent++; { set slota, add s to the queyge
for all jein|s] do
update( free[out[j]]); { update key
end for
for all jeout[s| do
if (in_left[j]-- == 0) s;—ready;
15:  end for
16: end while

=
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We formulate the stem-scheduling problem as an optimiagtioblem shown in Equation 5.3.
The objective is to minimize the maximum distance betwegman immediately linked stems so
as to minimize the memory usage. Each steshould be processed before its successor stems in

out; to maintain the correctness of the simulation. Also, twonsteannot be assigned to the same
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processing slot because each thread is simulating one st&etimze.

minimize : max_d
subject to :
VZG{l . .n}, onﬁti, a; < aj (53)

Vie{l...n}, jcout;, a; — a; < max_d
VZ,je{ln}, Z%j, a; #CLJ'

We note that the computational complexity for solving tHi® Iformulation isA/P-hard. To
demonstrate the high cost of an exact solution, we employeaianercial CPLEX Optimizer
to solve the problem. Even for the small benchmark (c88@®,sthiver is not able to give us a
solution in one hour. Since our main target is to achieve titleotcupancy of GPUs within the
memory bound, an exact optimum may not be necessary. Hercpropose a greedy algorithm
shown in Algorithm 5 to schedule the stems and reduce thaggaequirement. In the algorithm,
a sorted listyeady is maintained which includes all the stems that are readyetprbcessed. In
other words, the timing slots of all their ancestor stemshaveady been determined. The list
ready is kept sorted in terms of the keyree. For each stem, free|[s] represents the number of
storage spaces that could be released afbsming added to the simulation queue. As it is greedy,
each iteration will pick the stem with the highestee value fromready and add it to the simula-
tion queue (set ita in Line 9). The input of the algorithm is the ancestor and sgsor stem lists
of each stem, denoted as andout, respectively. The arrayn_le ft andout_le ft represent the

number of ancestor and successor stems that have not besshiatilthe simulation queue.

By applying the algorithm, our experimental results in Ebl1l show that the space requirement

is reduced by approximatelyB3against the one without stem-scheduling.



Table 5.1: Circuit Characteristics.

Circuit | # Gates| #in | #out Sern St Mem, (KB) Mem, (MB)
Orig. | Opt. || Orig. | Opt. || Orig. | Opt. || Comp. | Orig. | Opt.
c880 469 60 | 26 17 6 165 | 63 17 6 58 20 8
Cc7552 3827 | 207 | 108 20 6 1538 | 343 20 6 474 181 | 43
s35932*| 19876 | 1763 | 2048| 15 4 7375 | 1538| 15 4 2506 | 913 | 240
s38584 | 22447 | 1464 | 1730|| 106 9 5761 | 2391| 109 9 2812 | 717 | 329
$38417* 25585 | 1664 | 1742| 48 8 7350 | 2001 || 49 8 3198 | 901 | 284
b15C 9371 | 485 | 519 34 9 2872 | 981 35 9 1168 | 347 | 129
b17.C* | 33741 | 1452| 1512| 120 | 12 9695 | 3444 123 | 12 4193 | 1164 | 444
b18C* | 117963| 3357 | 3365| 188 | 12 | 34431| 5605| 193 | 12 | 14601 | 4072| 751
b20.C | 20716 | 522 | 512 || 161 | 11 5157 | 1684 | 165 | 11 2562 | 610 | 210
b21C | 21061 | 522 | 512 || 161 | 11 5125 | 1571} 165 | 11 2604 | 606 | 197
b22C* | 30686 | 767 | 757 || 166 | 12 7667 | 2465| 170 | 12 3795 | 907 | 308

17 UIN
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5.4.3 Scheduling of Non-stem Gates

As suggested in 2.1, read/write on the shared memory hasltlamt&age of low latency compared
with global memory. Therefore, storing the logic value ofirgiem gates in the shared memory
would help reduce the read/write overhead. Since the gateadh FFR are simulated indepen-
dently, shared memory can be re-used for each FFR which niiaidesal for storing the values

of these gates. However, because only 16 KB share memoryilsilale on each SM, we need to

reduce the maximum memory usage among the FFRs.

We also take FFR(4) in Figure 5.1 as an example with the sartsio used in Section 5.4.2.
The original orderd; = {4,5,6,7,8} results in the assignmenf; = {1,2,3,2,1}, V = 3.
However, if the gates are simulated by another oiler= {5,6,7,4, 8}, the storage would be
g ={1,2,1,2,1}, V = 2, which is one space less than the original one. Thereforedch stem

s, we employ an approach based on the post-order tree trawedstermine the gate simulation
order within the FFR. Effectively, we consider the gateshiREs) as a tree. At the pre-processing
stage, for each node, its child nodes are sorted in termseofritbmber of child nodes. The node
with more child nodes are preferable to be simulated easbiethat more memory spaces could
be free. After that, another post-order tree traverse isge®ed to determine the gate simulation
order. By applying the algorithm, our experimental resatiews that the space requirement for
simulating the FFRs can be reduced by more thax &@ainst the one without scheduling. More
importantly, the reduced memory requirement allows theagg® of non-stem gates to fit into the
16KB shared memory without going through the global memangmvsimulating the gates in each

FFR.

5.5 Experimental Results

We evaluated RAG’s performance on a set of large ISCAS89 &bl ITC99 [27] benchmark
circuits which are available from [44]. Our fault simulatiplatform consists of a workstation with

Intel Quad-core i7 3.33 GHz CPU, 2 GB memory and one NVIDIA GeE GTX 285 graphics
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Figure 5.3: RAG’s execution time with different GPU configtion.

card as introduced in Section 2.1.1. It is noted that theshetvailable global memory are limited
to around 900 MB because the rest are reserved for CUDA progyaad GPU device drivers. The
number of blocks launched was settowith 128 threads running on each block (with a total of
7680 threads). Such execution configuration are set accorditigetoharacteristics of the GPU and
CUDA architecture. By assigning two blocks to each SM and fearps per block, CUDA could
interleave their execution and effectively mask most oftime spent while waiting for data from
device memory. The results illustrated in Figure 5.3 shat ¢tlur configuration could achieve full

occupancy on the GPU.

To achieve an accurate reliability evaluation, the numibeamples to be simulated are determined
experimentally. Table 5.2 shows the accuracy of the sinaulais the sample size for the simulation
is increased from2 to 2.4 million random patterns. It is noted that both the CPU impatation
and RAG employed 32-bit parallelism. The percentage emoe&ch sample size is reported with
respect to the result for 24 million random patterns. Beeahs maximum error for the largest
circuit, b18C, is only0.52% with 2.4 million random patterns, RAG have used this sample size of

2.4M for all the simulations in this work. Given a tof@l80 threads, RAG assigri20 samples to
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each thread. With employing 32-bit parallelism and simng2 samples per iteration, each thread

will be running5 iterations on the GPU.

Table 5.2: Accuracy of RAG for Different Number of Samples

. Maximum error over all outputs (%)t
Clreult | # Gates 51T 24k | 240k | 2.4M
cl7 13 49.83 | 2.11 | 0.83| 0.69 | 0.14
c880 469 151.46| 18.94| 5.23| 2.62 | 0.52
c7552 | 3827 |212.01| 20.76| 7.89| 2.81 | 0.79
s38584| 22447 | 229.12| 22.35| 6.42| 1.84 | 0.59
b17.C | 33741 | 105.80| 20.09| 6.42| 2.48 | 0.47
b18C | 1117963| 151.46| 18.94| 5.23| 2.62 | 0.52

*The error is w.r.t. the error produced with 24M samples.

Table 5.3: Comparison with Other Tools.

Circuit Avg. Reliability Runtimes (in seconds) Speedup
PTM[49] | RAG [err(%) || PTM[49] | [24] | RAG || PTM[49]| [24]
c499 0.779 | 0.7787| 0.04 18.70 14.70 | 0.10 || 192.52 | 151.34
c880 0.680 | 0.6802| 0.03 30.00 NA 0.15| 204.10 NA
c1908 | 0.627 | 0.6308| 0.60 220.70 | 30.00 | 0.28 || 793.96 | 107.92
c2670| 0.872 | 0.8727| 0.08 72.70 1.10 | 0.28 || 258.53 | 3.91
c3540| 0.564 | 0.5661| 0.37 330.94 | 234.00| 0.49 || 675.16 | 477.39
c5315| 0.697 | 0.7033| 0.91 233.62 NA 0.67 | 348.41 NA
avg 0.29 353.24 | 116.04

5.5.1 Scheduling Evaluation and Memory Performance

The characteristics of the circuits and the storage remdngs for stems and FFRs are illustrated in

Table 5.1. Benchmarks withare unable to be simulated before applying our proposedisiihg

algorithms because the available 900 MB device memory inotigh for storing all the data.

For each circuit listed in the first column, the number of togates, inputs and outputs are listed

in Columns 2, 3 and 4, respectively. Columns 5 and 6 reporotlggnal and optimized storage
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usage for the gates within FFRs in terms of the number of eiésnd he original and optimized
storage requirements for the stems are reported in Colurand 8, respectively. The actual shared
memory usage for storing these FFRs (Columns 5 and 6) (ypar SMs are listed in Columns
9 and 10 in KB. The original storage usage is the maximum siZzeF®s in the circuit before
applying our proposed algorithm. It is noted that the sterafjthe original stems is the total
number of stems in the circuit. The total global memory us@dem,) for the GPU are listed
in Columns 11 through 13 including the storage of circuitisgterror counters for each output
and the logic values of stems. Column 11 (Comp.) listed themamg usage without the proposed
two-stage simulation where all the signal values are stofed example, consider circuit bX8
with more than one million gates. Without our schedulingoallihms, RAG cannot simulate the
circuit due to its large size. However, after applying thegmsed scheduling algorithm, the size for
storing the value of stems reducedst)5 (751 MB), which is less than one-sixth of the original
value, 34431 (4072 MB). Also, the storage for FFRs reduced fro&s (193 KB) to 12 (12KB)

which makes it fit to the shared memory.

5.5.2 Accuracy and Performance Evaluation

First, we compared RAG with two state-of-the-art reliapilanalysis tools with the results re-
ported in Table 5.3. An exact approach with sampling base@®D¥s [49] and the non-exact
Observability-based method [24] were used in our compari$be failure rate used for each gate
was 0.1. Note that the benchmarks used in the previous wdykangeted ISCASS85 circuits [15],
which are notably smaller than the additional ones we udaisntork. Nevertheless, we ran RAG
on these circuits as well for comparison. Columns 2 and 3Hesewverage reliability and runtimes
for PTMs which are referred from Table Il in [49]. As an comigan, both the reliability and run
time for the proposed RAG are listed in Columns 3 and 7, rdgdg Since the authors in [24]
did not provide the results for reliability evaluation, welylist its runtimes in Column 6. Column
4 shows that the reliability analysis using RAG is highly @ate compared with the PTMs ap-

proach. Only an average percentage error of 0.29% is intextluMoreover, RAG could achieve
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an average speedup &#3.24 x and116.04 x comparing with these two tools.

To further examine the performance of RAG on large circuits,implemented two stochastic
simulators based on fault injection with 32 bit-parallelisOne is event driven based simulator
(Sim.,,,:) and the other is a compiled random logic simulator (Sigp) which is a sequential
version of RAG (all the gates are evaluated). Their resultdiated in Table 5.4. We note that
the sequential simulators are faster than PTMs [49] andj2dhuse the tools are bit-parallelized
and implemented on a more advanced platform. We evaluatiade circuits with three different
failure rate, 0.005, 0.05, and 0.10. We note that error rates than 0.005 were not included,
since we assume a high error probability in nano circuitgrasious authors had [48, 49, 1, 24,
94, 41, 86, 8, 22]. The average reliability among outputdiated in Column 2, 3 and 4 in terms
of different error rates. Since RAG and Sip, evaluate all the gates for each simulation run,
the runtimes will be the same under any error rate. Thergfoeeonly list their runtimes for an
error rate of0.05 in Column 8 and 9. However, since Si,; only processes the gates whose
logic values are changed, different error rate will affeiftedent runtimes. Columns 5, 6 and 7
show the runtime for different error rate, It is noted that Sim,,,; is much faster than Sim,,,,
whenr = 0.005. However, whenr increases to 0.05 or larger, Sign, becomes better since
the overhead of event scheduling begin to take a toll on tke-eviven simulator. Therefore, in
Columns 10 and 11, we list the speedup of RAG against.simfor 7 = 0.005 and Sim,,,.,

respectively. An average speedup of nearlyx2ihd 65< were obtained.



Table 5.4: Comparison With Tools on the Same Platform wittgeaCircuits

1T UIW

Avg.Reliability Runtimes (in seconds) Speedup
Circuit Event-driven Sim. Event
7=0.005| 7=0.05| 7=0.10 || 7=0.005| 7=0.05 | 7=0.10 Complled Sim.| RAG 7=0.005 Complled

c880 0.959 | 0.770 | 0.680 2.68 10.92 11.31 7.84 0.15 18.20 53.37
c7552 | 0.932 | 0.762 | 0.713 15.93 83.78 87.32 72.50 1.01 15.79 71.88
s35932| 0.985 | 0.909 | 0.858 80.38 | 393.64 | 425.30 324.31 4.50 17.87 72.11
s38584| 0.959 | 0.752 | 0.660 80.42 | 450.14 | 508.95 384.95 5.34 15.06 72.10
s38417| 0.949 | 0.716 | 0.627 90.14 | 513.55| 568.32 439.39 6.10 14.78 72.02
b15C | 0.969 | 0.790 | 0.691 51.33 | 205.84 | 211.56 168.63 2.35 21.89 71.90
b17.C | 0.966 | 0.768 | 0.658 || 152.32 | 830.31| 790.86 619.54 8.48 || 17.96 73.05
b18C | 0.963 | 0.758 | 0.644 || 557.11 | 2975.57| 3028.27 2258.53 30.45|| 18.30 74.17
b20C | 0.958 | 0.759 | 0.655 || 146.15 | 533.69 | 471.44 397.00 5.40 27.08 73.57
b21C | 0.958 | 0.759 | 0.655 || 147.31 | 483.42 | 480.17 416.92 5.49 26.83 75.95
b22C | 0.956 | 0.757 | 0.655 || 209.13 | 719.29 | 706.77 613.57 7.99 26.19 76.83
avg 19.99 65.09
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Figure 5.4: Comparison among RAG and two observabilityebasalysis on benchmark b17.

In Table 5.5, the break down of runtimes for various steplésimulation is reported in seconds.
The stochastic simulation kernel is listed in Column 3;(l which dominates the total runtime
in Column 2 (Total). This shows the efficiency of RAG becausesnhof the computation is paral-
lelized and accelerated on the GPU. Column 4 lists anotlgercteon kernel (K.;) which is very
lightweight. The cost for scheduling of stems and FFRs orXRe is shown in Column 5 as an
initialization of RAG (a one-time cost). Since both schéalglalgorithms are linear to the size of
the circuits, the overhead is negligible compared with #gm&l runtimes. The last column (Misc.)
includes the data initialization on the GPU and the transiomsoverhead between the CPU and
the GPU. As illustrated in Section 5.4.1, the communicatiost only includes the circuit netlist
sent from CPU and the vector of error count from the GPU. Tibeegethe overhead is relatively

small comparing with the total runtime.

Comparison with testability-based approached

To show the advantage of RAG over approaches based on tegtabalysis, we compare against

the observability-based methods which are introduced i]. [As illustrated in Figure 5.4, the
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Figure 5.5: Comparison between Monte Carlo and Obsertgabii benchmark b09 from [24].

X-axis is the gate failure probability rateranging from 0 to 0.5 and the Y-axis shows the corre-
sponding failure rate of a specific output which is gate 1206fcircuit b17 in this case. Note that
results for other outputs in other large benchmarks shom#gasitrend as in Figure 5.4. The dotted
red line is based on the gates’ observability which is cal@d analytically while the observability
used in the scheme represented with the blue boxed lineasnalok through simulation of one mil-
lion random samples. Although they are close, we do seelibdiltie line is a bit closer to RAG
because its observability is more accurate than the téisgatdsed computation. Furthermore, no
matter how accurate the observability, such approachetiadamentally inaccurate because of
the absence of correlation and the assumption of single enly. A detail explanation is given
in [24]. Figure 5.5 extracted from [24] also demonstratesabcuracy of our work. Although the
experiment was conducted for another circuit b09, we ndtieé the output failure rate obtained
by Monte Carlo based analysis is less than that obtained tinentestability-based analysis. This

is consistent with what we get from Figure 5.4.

From this discussion, we can observe that in order to obtaiarate reliability estimates, conven-

tional testability metrics are insufficient, especially fhose cases where the gate failure proba-
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bilities are not near the extremes. In fact, the differemcthe reliability measures can be large
when the failure rate is near 0.25. Nevertheless, the téigfdiiased methods can serve as a coarse

upper-bound.

Table 5.5: Runtime in Steps

Bench Runtimes (in seconds)

Total Ksim Ked Init. | Misc.
c880 || 0.147 || 0.105| 2.8e-5| 1.5e-4| 0.042
c7552 || 1.006 || 0.950 | 5.6e-5| 0.002 | 0.056
s35932| 4.468 || 4.382 | 5.56e-4| 0.030 | 0.085
s38584| 5.316 || 5.233 | 4.73e-4| 0.024 | 0.083
s38417|| 6.076 || 5.989 | 4.72e-4| 0.025| 0.087
b15C || 2.337 || 2.281 | 1.65e-4| 0.008 | 0.056
b17.C || 8.452 || 8.370 | 4.23e-4| 0.028 | 0.082
b18C || 30.266| 30.150| 8.86e-4| 0.183| 0.116
b20.C || 5.383 || 5.333 | 1.64e-4| 0.013| 0.050
b21C || 5.477 | 5.427 | 1.64e-4| 0.013 | 0.050
b22C || 7.969 || 7.902 | 2.30e-4| 0.017 | 0.066

5.6 Chapter Summary

In this chapter, we proposed a novel tool, RAG, which is tret fBPU based parallel application
for reliability analysis of logic circuits. RAG achievesthahigh accuracy and efficiency by ex-
ploiting the power of GPUs with a novel two-stage simulatitmmework. The proposed greedy
algorithms for stems scheduling and post-order tree tsaver non-stem gates arrangement result

in an efficient utilization of the available computationesources on GPUs. Experimental results
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showed that RAG could achieve an average of-888d 116< speedup against two state-of-the-art
reliability analysis tools (one is an exact approach wittmgkng and the other is heuristic-based)
without compromising accuracy. Moreover, for large benah which are not able to be handled
efficiently by previous tools, RAG is also 20ad 65«x faster than another two stochastic simulation

based reliability analysis tools implemented on converagtiprocessor architectures.



Chapter 6

Parallel Design Validation with a Modified

Ant Colony Optimization

6.1 Chapter Overview

In this chapter, we propose a novel parallel state justifioaiool, GACO, utilizing Ant Colony
Optimization (ACO) on Graphical Processing Units (GPU)tiWthe high degree of parallelism
supported by the GPU, GACO is capable of launching a largebeurof artificial ants to search
for the target state. A novel parallel simulation techniquidizing partitioned navigation tracks
as guides during the search, is proposed to achieve exiydmgd computation efficiency for
state justification. We present the results on a GPU platfoom NVIDIA (a GeForce GTX 285
graphics card) that demonstrate a speedup of up tx22f8npared to deterministic methods and

a speedup of up to 40over previous state-of-the-art heuristic based seridstoo

The rest of this chapter is organized as follows. A briefadtrction is given in Section 6.2.
In Section 6.3, we review the previous works in the area dkgtsstification and introduce the
correlation based partition construction. Section 6.4ilmesg a high-level process view of the

parallel logic simulator, built on the techniques utilizad-SimGP[54], with detail description of

97
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the critical approaches. The experimental results arerteghin Section 6.5. Finally, Section 6.6

gives the conclusion.

6.2 Introduction

State Justification is an important engine for test and eatibn. There may be important states
and transitions that need to be verified to ensure the cduactionality of the chip which neces-
sitate reaching of corner states. In addition, some desrgnseand bugs can only be exercised and
propagated by reaching specific states. Therefore, finddotpys that can reach these states from
known reachable states plays a critical role in design a#ibth. Due to the exponential growth
in circuit size predicted by Moore’s Law, state justificatioas become increasingly difficult, as
modern circuits have hundreds of thousands to millions pfffips. This growth means that de-
terministically justifying the state will encounter sdailaty issues. For example, formal methods
such as model checking potentially requires traversingglgiortions of the state space to find a
solution. Dynamic, or simulation based approaches, on tiwerdand, can handle large circuits
but may not yield solutions for hard validation instanceshybrid formal and dynamic methods,
also known as semi-formal methods, offer promise. In semmiél methods, formal techniques are
used on an abstraction of the design and simulation on thereandesign. However, simulation

is now also becoming a burden as circuits are becoming egtydiarge.

In order to help make design validation both efficient andiedita, we propose a semi-formal tech-
nique that utilizes Ant Colony Optimization (ACO) [31] bakssearch on Graphic Processing Units
(GPUSs). The abstraction is created by mining highly relatadge variables from logic simulation
and partitioning them into groups. These groups are thelyzsthdeterministically to find their
distances from the target state. To further improve theoperdnce and reduce simulation over-
head, graphic processing units are used to simulate theyofaartificial ants in parallel. Using
these distance metrics, we implemented a modified ant calptimization algorithm on the GPUs

to guide the search towards the target state.
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We have developed a novel ACO based State Justification Toelerated on GPUs, called GACO.
GACO harnesses the computational power of both swarm igeeite and modern day GPUs to
justify the state information for large circuits. Our methexploits pattern-parallelism with an ef-
ficient logic simulation tool that is capable of effectivelijlizing memory bandwidth and massive
data parallelism on the GPU. The overhead of data commumichetween the host (CPU) and
the device (GPU) is minimized by utilizing as much of the indual device’s memory as possi-
ble. GACO also takes advantage of the inherent bit-parsttedf logic operations on computer
words. Additionally, due to the nature of GPUs, we are ablatoch many more ants than previ-
ous methods and still achieve significant speedups. Moseadioiv us to explore a larger search
space, while parallel simulation on GPUs allows us to redaxaeution costs. The technique is
implemented on the NVIDIA GeForce GTX 285 with 30 cores andTSexecution pipelines
per core [59]. Our experimental results demonstrate tlegptbposed GACO can achieve between
one and two orders of magnitude speedup in comparison watkttte-of-the-art sequential ACO

based state justification algorithm [53] implemented orveotional processor architecture.

6.3 Background

6.3.1 Previous Work

Formal verification provides the complete proof at the cé$todh space and time in complex de-
signs. On the other hand, conventional simulation-bas#uhiques are incapable of reaching some
hard-to-reach states. In order to mitigate the weakneddbese two approaches, several hybrid
techniques have been proposed to combine and complemestitehgths of formal techniques and
simulation. Among these, the early pioneers in [99] prodasdirect random simulator under an
enlarged set of targets by computing preimages of theligiial. Thus, the state is reachable if any
candidates in the enlarged set is hit. However, becausesafakign complexity, it is often infea-
sible to compute the complete set with the original circtit.overcome the memory explosion for

computing the exact reachability of the target state(sgaechers proposed the abstraction-guided
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simulation, in which formal methods are applied to an alsstn@odel of the original circuit. An
abstract model is simply a reduced circuit model that retaiportion of the original (concrete)
circuit’s characteristics. A popular abstraction apphoiado convert some flip-flops in the original
circuit to primary inputs, thereby reducing the state spdhe abstract model. Note that by such
an abstraction, the state space results in an superset ofitjieal reachable space. That is, any
state reachable in the original design is also reachableerabstract model, but not vice versa.
For example, suppose the original circuit has four flip-flagrsd the abstract model has only the
first two of the four flip-flops. Then, among the original stapace oR* = 16 states, suppose the
state 1100 is the only unreachable state in the originalredeenodel, then in the abstract circuit,
since the latter 2 flip-flops are now fully controllable, 136uld be considered reachable in this
abstract model. Although inaccuracies are introducedsitnelified abstract model makes formal
analysis feasible. And the resulting abstract state tfiansnodel, including the distances among

abstract states, is used to guide the search towards a s#agedf interest [90, 68, 34, 78].

The authors in [90] proposed a high-level abstraction mdul closely interacts with the prop-
erty to be verified. The reachability of the target propestycomputed on this abstract circuit,
and the distance information is used to guide a simulatoatds/the target in a greedy manner.
However, due to the inaccuracy of the abstract model, theelsean be stuck in a local optimal
point. Although a SAT engine is employed to bridge gaps betwibe current and the next closest
abstract state, the cost of using such tools may become gixpenfo overcome the inaccuracy
of the approximate distance metric, an abstraction refiné¢steategy was introduce in [68]. Dur-
ing the process of state justification, some of the absulesti@te variables are refined (restored
back) to the abstract circuit to make the abstract model rwlosely resemble the concrete circuit.
One drawback of this approach is that the cost of formal amaipcreases exponentially for each
refinement of the circuit. Similar with the previous worksBBIC is applied in [78] to guide
the search process through narrow paths towards the taages $or corner cases. Although the
authors employed a GA-based search engine, it is still gkt out of the local optimal space
without using a BMC. Thus, such a method takes more time tchréd@e target states. Different

from the techniques that resort to full formal techniques dmck-up tactic to resolve the local
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optimal problem during simulation-based search, the aathb[34] introduced a “buckets” se-
lection scheme based on a preimage abstraction (onion rirgg states in different onion rings
denotes for different distance from the abstract targée stdus, the states in the same onion ring
that have been traversed will be put in a “buckets”. Everyetitme program will flip a fair coin
to choose whether to continue simulation or backtrack tostages in the “buckets”. While this
approach attempts to avoid some local optimal points, thasé-to-reach states remain difficult

to reach.

6.3.2 Ant colony optimization

The ACO algorithm [30, 31] is a biologically inspired algiwin: the aim is to convert the problem
into a search problem between an ant colony, or nest, andsomate(s). Using local pheromone
trails for information exchange, the process of ants’ @icément learning can be formulated as a

meta-heuristic algorithm to solve NP-hard search problems

The basic idea of the ACO algorithm in solving the problenoisrfulated via a grap&'( N, £') and

is described as follows. Initially, from the starting nodefjxed number of “ants” randomly walk
around through the edges of graggh They make their transition decisions between vertices in
based on two parametersheromon€¢) andvisibility (v). Pheromone is a metric to evaluate the
preference of an edge, while visibility is a metric to meaduow promising a transition between
two vertices appears to the ant. After an ant finds a solubasgd on its attractivenessoé),
the ant will lay down an appropriate amount of pheromoneg@tbe trails (edges) it has traveled.
This process is callectinforcement Conversely, a process ef/aporationhappens at each time
unit, which globally reduces the pheromone on each edge bytaic factor. After this process of
reinforced/evaporated pheromone levels, the future aetmare likely to followed a better path

to reach the target state.

As shown in Figure 6.1, ants indiscriminately follow fourgsible routes toward the food source.

Once an ant discovers the food source, it returns and leaties fraversed path a trail of pheromone
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(denoted as the solid line on the trail), reinforcing itsltréhe pheromone laid by the previous ant
is attractive to the nearby ants which will be inclined tddal. Let short routes be favored over
long routes, then the shorter one will be traveled by mors.&tadually, the ants aggregate to the
shortest route with most pheromone. Since pheromones éatle@nd periodically evaporate,

the longer routes will eventually disappear.

Figure 6.1: Ant Colony Optimization Branches

Most recently, because of its computation efficiency, th&Aagorithm has been widely used to
solve various intractable problems, such as the travektgssman problem [32, 91], graph color-
ing problem [26], scheduling problem [61dic. In this work, we formulate the process of state

justification as an ACO problem.

6.3.3 Random Synchronization Avoidance

Circuits often exhibit the property that certain input csisgnchronize subsets of the state variables
[83]. Using random inputs during the search can have theetprence of repeatedly taking the

circuit to some synchronized state, thereby continuoeslging the algorithm into a local minima.
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In order to avoid the effects of random synchronization, \@eehimplemented an input biasing
scheme to avoid certain input cubes that potentially syordbe the state space. To check this we
simulate each primary inputy,, such that, is the number of flip flops initialized by assigning
a valuev to wy, and simulating with otherwise unconstrained remainingiirgnd state variables.
For each inputy,, we get two values, namehy, andn;. Additionally, a scaling facto€' is applied
to control how quickly we bias against the value. The biasre&igh values of: is characterized
by the function:

Po(k) = 0.5 x 0.57FFx0

This provides a method under which the probability of a givgrut value on a Pl decays based on
the difference in the number of state variables set by thergialue and its complement. For use
in our experiments, we use a scaling factoCof= 0.05 to generate bias. For example, if ai}

1

sets two FFs to 0 and one to 1, thEy(;j) = 0.5 x 0.5#F/20 |f the number of FFs is largd(j)

would be close to 0.5. On the other hand, suppose there exfdts,, that can reset all FFs. Then,

Py(k) = 0.5 x 0.5% = 0.5%, a very small value.

6.4 Proposed Method

The high level flow of our algorithm is as follows: Initiallf0,000 random vectors are simulated
for the construction of the partition navigation tracks.emhrandom synchronization avoidance
is calculated, whose result is used to set the input biaseoGfAU random input generator. Next,
the search for a vector sequence that can bring the cirauit the initial state to the target state
begins and the details will be discussed in Sections 6.46ah2. If GACO finds the target state,
the Algorithm is terminated; otherwise, if GACO fails to fititk target state, the BMC described
in Section 6.4.3, is run to try to bridge the final steps to drget.
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6.4.1 Modified Ant Colony Optimization

A simplified Ant Colony Optimization (ACO) is used for this wo Instead of using pheromones
to guide the input values, we provide gates or guideposth@iterative simulation. These guide-
posts work by selecting the closest states to the targetitlmseur heuristic and launching a new
wave of ants from these guideposts. Each ant walks randamy the guidepost, using logic

simulation with random input, attempting to reach a closates This process is shown below in

Figure 6.2.

v

, ?{QAntG

Guidepost

I

Start State

Figure 6.2: Modified Ant Colony Optimization

This method is effective due to the large number of ants wallesto launch from the parallelism
offered by the GPU. For any given GPU we can launch the nunfidd@ooks in the GPU times the

number of threads per blocks. However, the total numbemofisitions being run simultaneously
is determined by the GPU hardware. For example, on the GTXI28% are 240 CUDA cores or
30 Streaming Multiprocessors(SM), with a maximum of 32 vgarpeach SM. Since each warp

contains 32 threads, this yields a maximum of 24,576 thréauts) scheduled at any given time.
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Generally, we cannot keep this many threads in flight througithe entire execution due to limits
transferring data to the GPU. This inefficiency is seen inioyolementation between each round,
when the stored data is transferred between the GPU and tbe t6én the fithess operation is
performed and the data is transferred back to the GPU. Thedpssode for the algorithm is

shown in Algorithm 6. Lines marked withare executed on the CPU, others on the GPU.

Algorithm 6 Modified Ant Colony Optimization

1: Initialize Start_state, Best_fit

2: Initialize trace *

3: for all N,,unds roundsx do

4: forall Ng,.i4. Stridesdo

5 for all N,,;s antsdo

6: W = Gen_PI(Seed) { randomly generate PI
7: Vimp = Simulate(Start_state, W)
8
9

Fityy,, = Calc_Fitness(Vimy)
: Add V., to T'racey,,
10: if Fity,, > best_fit then

11: UpdateFitbests ‘/best)

12: end if

13: end for

14:  end for

15:  Start_State = Vs * { Set guidepost for next round
16: end for

6.4.2 GPGPU Ants

Implementing logic simulation as ants translates well ®@@&PU. Since many gates must be sim-
ulated and we are simulating many vectors together, the GiPlbe efficiently utilized as it is a
single instruction path per gate with multiple pieces obd&imilar with what we've shown in 3.1,
the execution process of a block wheréhreads (ants) indexed frortint, to Ant, are launched.
All the threads evaluate the same gates in the circuit coaotly (Right part Figure3.1) followed
by a synchronization barrier. Therefore, each gate is thmaalated in turn for all different ants
and its value is saved for the next level, once all gates hege bvaluated then the primary outputs

are fed back to the pseudo-primary inputs for the next vesitoulation.
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After a set number of strides, each ant stops and is evaldatdts fitness. Given a set of

partitionsP,,.;, = {p1,pe,...pn}, the fitness is calculated by the function:

Fit = Z Cost(p;)

i=1
The ant with the best fithess among the entire population ésern to set the guidepost. This
currently leads to the possibility of ants getting stuckaodl minima, since there is no mechanism
to allow the ants to backtrack in the case of an inaccurateadi®n. However, this is alleviated

by the large number of ants being simulated simultaneously.

At the same time, we applied several optimizations whicteh@een propoed in previous chapters
to increase performance of the GPU logic simulation. Fomgda, as implemented in Chapter 5,
in order to reduce memory usage the fan-out free regionsadecalated and all simulation values
prior to the fan-out free stem are discarded to save memawgy.stem values are kept to propagate
through to the rest of the circuit during simulation. Thismmy optimization allows us to process
much larger circuits than without this optimization. Alswe are employing bit level parallelism
such that each instance of the simulation is using all 32dfitsn integer to do bit level logic
simulation. This means that each ant launched is actuallygd®2 random walks per step to

further increase the reach of the state space search.

6.4.3 BMC to traverse narrow paths

In the case that the target state cannot be reached by the &CG@the case that the ACO fails
to progress towards the target according to the heuristi®l& B employed to attempt to find the
final state from the stopping state of the ACO. The BMC prosidenethod to alleviate the con-
sequences of a inaccurate abstraction. The BMC is implesdersding the zChaff[65] SAT solver.
The circuitis unrolled to a certain number of time-framest 8atisfymin(Cost(CS), MAX T M),
where(C'S'is the current state antf AX _T'M is a constant related to the size of the design. The
initial state of the unrolled circuit is constrainedd@® while the PPOs of each time-frame is set to

all the states whose cost is less tliaf. Thus, if the solver returnisue, a solution fromC'S to a
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new state with low cost is obtained.

6.5 Experimental Results

We evaluated GACO on a set of ISCAS89 [15] and ITC99 [27] beratk designs. Our platform
consists of a workstation with Intel 8-core i7 3.33 GHz CPUGB memory and one NVIDIA
GeForce GTX 285 graphic card as introduced in Section 2.1.1.

Table 6.1 compares our GPU-based ACO algorithm with the Bm@lémented on the CPU as
well as the sequential method proposed in [53]. For eachuitirave choose hardest-to-justify
states taken from [4]. In Table 6.1, Column 1 lists the nam#hefbenchmark. The number of
Primary Inputs 4 P1s), the number of Flip-Flops# F' F's) and the number of gateg(Fates) are
listed in columns 2, 3 and 4, respectively. Column 5 listsititex of hard to justify properties.
The execution time for CPU-based BMC and heuristics in [38]raported in Columns 6 and 7,
respectively. Column 8 and 9 reports our GACO'’s runtime,difierent numbers of blocks of
ants, 30 and 60 blocks. These runtimes include all the GPpatation time, the communication
overhead between the host and the device and the GPU daaéizatton run on the CPU. Since
both block sizes usually complete the search in a similarbarof rounds, the 30-block GACO
typically outperforms the 60-block run due to fewer comgiotas being executed; however, the
benefits of more ants can be seen in a few instances wherergiee lrumber of ants enabled the
ACO to complete with fewer iterations, particularly s382higis reflected in the reduced run
time. On the other hand, for most of the cases, even when ioém@ 60 block runs would both
complete the search, the 30 block would be faster since tHd@c@® would require us to spread
the ants beyond what can be accommodated by the GPU, rgsultiigher GPU execution time.
The speedups obtained by GACO against the sequential inepliation and [53] are listed under
Columns 10 and 11, respectively. These speedups are daltditam the 30 ant block run. The
average speedups are reported for each benchmarks as welex&mple, consider property 9

for circuit b12, which has approximately 1.2K gates. BMCKkdd 3 seconds, while the approach
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in [53] took 16.99 seconds. Next, our GACO took only 0.63 s&ls0 This is a 228 speedup over
BMC and a 4 speedup over the heuristic in [53].

In a couple of cases, we see a degradation of performancearethpo the CPU based ACO,
notably b05 and s1423 property 138. The b05 performances litie to the overhead of com-
munication with the GPU, the circuit is small enough that fdtency to communicate with the
GPU overtakes the actual time to simulate the circuit. Indtieer smaller circuits, the speedups
achieved were also relatively small. This behavior can bésseen in circuit b11 in which there is
a significant level of performance variance due to commuigicdatency. In this case however, we
see overall performance gains from harder to reach statesexdomplexity overcome the latency
penalty. Secondly, the inability to reach s1423 propert§ 4&ms from a limitation in the algo-
rithms ability to traverse narrow paths. This limitatioersis from the fact that we do not interrupt
the GPU operation in order to utilize a BMC to help advanceltmeer cost state in the case of an
inaccurate heuristic or a local minima. However, the ovgratformance of GACO, particularly

in circuits such as b12, is significantly improved over poed deterministic and hybrid tools.

6.6 Chapter Summary

In this chapter, we have proposed a novel Ant-Colony-Omatidon based state justification al-
gorithm adapted for the GPU. We have shown that the GPU isfantek tool through the use
of several levels of parallelism in circuit simulation toadte the deployment of thousands of
ants, increasing the scale of our search compared to peew@thods. This increase of scale is
shown through our experimental results to lead to perfooeancreases compared to previous
state justification attempts as well as compared to detéstigriechniques. Though there were
some limitations shown to the current algorithm, such astikty to avoid local minima, in sev-
eral cases these limitations were overcome by the increasearch scale from the GPU. Up to
228x speedup was achieved when compared with bounded modelisgerid up to 4& speedup

over sequential version of the approach. On average, weathian 11x speedup over bounded
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Table 6.1: Comparison with other state justification meghod

. Runtimes (in seconds) Speedup, nb=30
Bench | #Pis | #FFs | #Gate || Property | —gye—T[537 T GACO, nb=30] GACO,nb=60]| BMC | [53]
7 0641 | 1.8 0.29 0.16 221 | 442
15 064 | 159 023 0.16 277 | 6.89
23 060 | 1.79 0.26 017 230 | 6.86
s382 | 3 | 21 | 188 85 117 | 2.35 053 024 220 | 4.42
106 126 | 1.45 053 0.44 236 | 2.73
AG 237 | 5.06
5 082 | 128 027 0.18 301 | 473
3 084 | 1.36 0.15 017 561 | 9.09
7 019 | 1.69 017 0.20 112 [ 9.92
s4d4 | 3 | 2l 21l 8 025 | 1.78 0.29 021 0.86 | 6.09
10 025 | 113 017 0.20 148 | 6.61
AG 242 [ 7.29
2 1028 | 049 0.49 0.46 20.76 | 1.00
10 12 | 66.298 278 276 053 | 29.08
21 13.05 | 0.79 0.93 057 14.03 | 0.85
sl423 | 17} 74 | 753 24 0501 | 0.62 0.488 0.46 703 | 1.27
138 TO | 9231 TO TO NA | NA
AG 9.05 | 8.0F
2 2155 | 3143 6.53 7.16 063 | 440
24 4345 | 47.13 654 717 664 | 7.21
78 12.033 | 1.66 653 7.16 184 | 025
$35932| 35 | 1728 | 18148 31 36.45 | 59.85 654 7.18 557 [ 9.15
2 178.89 | 12.83 652 715 2743 | 1.96
Avg 8.42 4.59
3998 23.36 | 13.50 7.45 8.28 313 | 182
4443 73.60 | 18.39 739 82 321 | 2.49
4483 777 | 741 743 824 104 | 0.99
$38584 | 12 | 1452 | 22601 7653 7724 | 2858 7.20 822 1043 | 3.86
727 4580 | 2957 705 8.03 632 | 4.07
AG 783 | 2.65
371 183 | 001 034 0391 530 | 006
373 229 | 0.03 04 0.455 573 [ 008
735 184 | 0.03 034 039 541 | 0.09
b05 | 1 | 34 | 1032 1502 0507 | 0.03 035 039 144 T 0.09
7156 1722 | 0.04 057 0.65 3.02 | 007
AG 220 | 007
27 562 | 023 0.19 021 1407 | 1.24
224 584 | 054 0.29 034 972 [ 184
551 101 | 0.08 0.19 021 1027 | 043
07 | 1 | 49 | 490 580 318 | 039 0.29 034 10.88 | 1.33
835 172 | 028 0.29 035 911 | 0.96
Avg 10.81 1.16
2 08 | 138 0.27 034 296 | 511
126 09 | 01T 0.49 0.62 183 | 0.22
137 11.26 | 33.53 57 5.08 197 | 589
bil | 7 | 31 | 801 230 105 | 10.28 3.28 3.9 059 [ 3.13
773 12 | 011 027 033 244 | 041
Avg 2.36 2.95
9 143.93] 16.99 0.63 0.73 228.46 | 26.95
520 20.77 | 1656 0.64 073 32.45 | 25.87
231 454 | 17.08 0.64 0.74 7.09 | 26.68
biz | 5 | 121 | 1197 1350 7113 | 25.67 0.64 073 33.02 | 40.11
7586 205 | 23.69 0.64 073 6325 [ 37.01
AG 61.47 | 31.33
| | | [[ Overall Avg ] [ 1177 ] 7.02]

TO: 1800 $CONDS *: TO VALUES NOT INCLUDED IN AVERAGE
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model checking and a 7x speedup compared to the sequergiralza.



Chapter 7

Conclusion

In this dissertation, we addressed several GPU based apptis within two topics: digital sys-
tems testing and validation. For testing area, we propofaikat logic fault simulation, fault-
diagnostic simulation and reliability analysis on GPUstdckle state justification which is one of
the most difficult design validation problems, we introddigeparallel abstraction-guided search
scheme using ant colony optimization. All the proposed GRiSed applications aim at accelerat-

ing the EDA tools and hence improving the design flow of digitestems.

In Chapter 3, we presented an efficient parallel fault sinonlaith GPGPU, called FSimGPWe
proposed a three dimensional parallelism, nankaitern-parallelismcf-parallelismandBlock-
parallelismto achieve a high algorithmic efficiency on GPUs. A large nantf gate evaluations
can be performed in parallel by employing the large numbén@fads on a GPU. Fault injection is
preformed in a novel compact-fault style which helps to eehia speedup of3 The CUDA run-
ning hierarchy is also exploited as block-parallelism vhitilizes the high computational power
of the many-core system. Experimental results showed tBah6P could achieve an average
of 25.576x and 3.60& speedup when compared with two previous GPU-based faultlatiors.
Moreover, FSImGPis also 35.16& faster, on average, than a state-of-the-art sequentill fau

simulator, with a maximal speedup of more thank95

111
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We proposed a high-performance parallel fault diagnostickator in chapter 4. A novel idea of
multi-fault-signature (MFS) is designed for parallelism GPUs where a number of fault signa-
tures are recorded during parallel fault simulation withiotroducing much overhead. Fault-pair
based diagnostic simulation is also parallelized on GPW: pgioposed dynamic load balancing
approach results in an efficient utilization of the avadabbmputational resources. Experimen-
tal results showed that GDSim could achieve an average ofsgedup when compared with a
state-of-the-art sequential fault diagnostic simulatoreover, GDSim is also 95 faster than its

sequential implementation based on conventional processhitectures.

In Chapter 5, we implemented RAG, which is the first GPU-basédbility analysis tool for logic
circuits. The initial barrier to achieve high degree of platsm is that some large benchmarks
cannot be fitted into the global memory of GPUs because aftathiefree and faulty logic values
are necessary to store on-board. Novel algorithms inctusiems scheduling and post-order tree
traversal for non-stem gates arrangement are proposedh\ahaw for an efficient utilization of
the available computational resources on the GPU. Expeataheesults showed that RAG could
achieve an average of 353and 116< speedup against two state-of-the-art reliability analysi

tools.

In the area of design validation, our ACO-based approaahdtates state justification as a path
search problem, where artificial ants, starting from thestr{the initial state), attempt to find the
paths to food (the target state). We exploited the swarnfiigt@ce to efficiently guide the search
which takes advantage of the collective behavior from amgplaf ants and can effectively avoid
some critical local optimal points during the search. Femthore, the simulation-based nature
of the approach avoids memory explosion often faced by fotewniques. Also, we used our
existed GPU framework to achieve several levels of paraitein circuit simulation and is enable
the deployment of thousands of ants, increasing the scateiotearch compared to previous

methods.

In sum, we chose several applications for which there isagtmotivation to accelerate, since

they are extensively used in the VLSI design flow. We impleteéivaried degrees of inherent
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parallelism in them and achieved more than one magnitudedspp against other tools on the
conventional CPU architectures and the GPU systems asWelbelieve that the approaches and
ideas we proposed for acceleration on GPUs could also besdfplother applications in not only

EDA area but also other fields.
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